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An increase awareness in climate change has pushed governments to tighten regulations surrounding 
environmental emissions limits for industry. Existing industrial plants are required to meet these new 
regulations, which requires the implementation of innovative technologies. These retrofits are very costly 
for older facilities to both implement and maintain. Application of one such system at a Metro Vancouver 
Waste to Energy facility utilized a Low NOxtm and Selected Non-Catalytic Reduction to reduce the plant’s 
NOx output. This project, completed in 2013, did not perform well due to the requirement of an operator 
to manually balance the Low NOxTM and Selected Non-Catalytic Reduction system. The manual balancing 
resulted in an estimated 40% more Ammonia being used at an estimated cost of $ 48 000.00 per year. This 
project provided the feasibility, design, and configuration of an advanced control algorithm, Model 
Predictive Control, to maximize the performance of these two systems and to reduce the overall operational 
cost of the system. 
   
Advanced process control has a slow adoption rate in Industry especially in smaller facilities, where portray 
the benefits of newer technologies is an uphill battle. As a result, this project was structured as a Front-End 
Engineering and Design (FEED) project. The project involved a performance analysis, cost-benefit 
analysis, design work, and proof of concept configuration in a Digital Twin of the plant’s Distributed 
Control System. A detailed evaluation of the original control strategy was performed to determine its 
limitations and constraints. A cost-benefit study showed the benefits of an optimized system. Design 
documents were created to provide a base for the modifications that would be required to implement the 
new control strategy. A Digital Twin of the site’s control system was created and used as a development 
system. The new MPC controller was configured using standard function block programming and was 
added to the site’s Human Machine Interface. To create the prediction model for the MPC controller, a 
training set of data was created by performing tests on the live system, and the created model was verified 
against a separate set of data. The model was then evaluated and refined before creating a simulation and 
testing the final configuration.  
 
It was found that an optimized control strategy would result in higher utilization of Low NOxtm and a overall 
reduction of Ammonia usage. Additionally, it was found that the Ammonia became more effective at a 
higher temperature, and further savings are attainable by operationally running the furnace at a temperature 
above 1050 ºC. The final optimization of the system showed significant saving opportunities. The 
implementation of MPC in this manner showed that implementing new technology can help aging facilities 
remain viable as emissions regulations continue to be lowered. 
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This chapter will discuss the emissions control systems and its importance to industry to meet 
environmental emission standards. The projects aim and objectives are defined, along with laying out the 
general overview of the project.  
1.1 Background and Motivation 
Industrial facilities require regulatory approval from many levels of government before being approved for 
construction. One hurdle for industrial facilities, that proves to be a significant step in this day and age, is 
the Environmental Impact Assessment. This assessment covers the direct adverse impact a facility has on 
the environment. One aspect of this assessment focuses on the emissions these facilities discharge into the 
atmosphere. Governments around the world have been establishing controls on environmental impact since 
the 1960s. These controls limit the types and the amount of emissions that a plant can emit. Existing plants 
are not exempt from these new regulations and are required to implement process improvements to meet or 
exceed them. These process changes are very costly for older facilities to both implement and maintain as 
the facilities were not designed with these stricter environmental standards in mind. As these standards 
continue to become stricter, as scientists and the public become more aware of the impact humans have on 
the environment, these older plants must comply or shutdown.  
 
To meet new emissions standards implemented in 2013 by Metro Vancouver, a 30 MW Waste to Energy 
(WTE) facility in Burnaby British Columbia, Canada, installed a Selected Non-Catalyst Reduction (SNCR) 
NOx abatement system in 2015 along with a Low NOxTM combustion air system. The SNCR system was 
installed in each of the three boilers onsite which uses Ammonia injected into the 2nd pass of the furnace to 
reduce the NOx emission of the plant. Additionally, Covanta’s Low NOxTM (LN) system was installed 
which provides staged combustion that further reduces the plant’s NOx emission. The new standards require 
this facility to maintain NOx under 190 mg/m3 emissions, but for public relations, a 131 mg/m3 is 
maintained.  
 
The original design of this new system included a sophisticated control strategy with over temperature and 
Ammonia slippage cutback. Issues that were observed during the start-up and early run time showed flaws 
in the design that caused significant control problems, rendering the design to be inadequate due to both 
instrumentation issues and the dynamic properties in the system. In the middle of the start-up, a redesign of 
the control strategy was completed which simplifying the Ammonia inject to simple feedback Proportional–
Integral–Derivative (PID) control, based on continuous emission monitoring system’s (CEMS) NOx 
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reading. The Low NOxTM system reverted to a simple percentage of the total Under-fire air and was adjusted 
manually by operations. During final performance testing of the system, it was discovered that the amount 
of Ammonia used to reduce the NOx below the emissions standard was three times the amount expected 
from the initial design. The manual control resulted in operations not fully utilizing the LN system and 
relying heavily on the ammonia injection to maintain the NOx. As the LN system was increased, the 2nd 
pass furnace temperature increased significantly due to the combustion occurring higher up in the furnace, 
which at that time had significantly more refractory installed. These higher temperatures were a concern to 
operations as sustained temperatures above 1100ºC would damage the furnace walls and the refractory. 
Recently, this refractory has been removed to reduce the overall furnace temperature.  
 
This project aimed to optimize the control between the Low NOxTM system and the SNCR Ammonia 
injection to reduce the reliance on Ammonia. The superfluous use of Ammonia results in a high operating 
cost and potential public relations issues as Ammonia carry over can result in discoloration of the flue gas 
exiting the plant’s exhaust stack. 
1.2 Aims and Objectives 
This project aimed to review the deficiency in the current installation and design a new control strategy for 
the SNCR/LN system. The research project has been broken down to the following objectives:   
1. Liaison with the site to coordinate site time and availability of data 
2. Review the current implemented control strategy and create a detailed design document 
3. Perform an analysis of the historical data to determine the performance of the current system 
including sensing delays and control constraints 
4. Create a cost-benefit analysis of the new design 
5. Design an updated SNCR/LN control strategy including a PID and a control narrative 
6. Create an offline Digital Twin of the site’s DCS for development and testing 
7. Program the new control strategy in the offline simulation of the DCS 
8. Test control strategy based on historical data to determine the viability of the new design 
9. Present finding to the facility sponsor and provide recommendations based on the performance of 
the offline testing 
If time and opportunity exist: 
1. Implement the new control strategy online and refine the MPC algorithm, as required  
2. Perform an analysis of the performance of the system and compare results against the calculated 
savings.  
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2 Literature Review 
2.1 Introduction 
The literature review is a comprehensive review of the current research completed in the Waste to Energy 
sector and process control. This chapter provides both the research building blocks and knowledge gap that 
this project aims to fill.  
2.2 Municipal Solid Waste to Energy  
Waste to Energy (WTE) facilities redirect Municipal Solid Waste (MSW) from the landfill to make use of 
its caloric heating value. Using garbage as a fuel source allows these facilities to both reduce the amount of 
waste filling up landfills but also extract energy from the material. A Waste to Energy incinerator resembles 
traditional power plant design, which uses boilers to create steam that feeds turbines to create electrical 
energy. In traditional power generation, plants’ fossil fuels are used to generate heat energy to create steam. 
In a WTE facility the fossil fuels are replaced with Municipal Solids Waste to sustain the process.  
 
In WTE facilities, there are many distinctive designs that facilitate different methodology to achieve either 
maximum throughput or energy extraction, depending on the type of fuel used. These design types are 
categorized into: continuous feed, batch feed, ram feed, metal conical, and waste heat recovery incinerators 
(Makarichi, Jutidamrongphan & Techato 2018). The Metro Vancouver incinerator, the subject of this 
project, is a moving grate continuous feed incinerator. In moving grate WTE incinerators, the MSW is 
forced into the furnace onto grates that slowly transition the MSW through the furnace as it burns 
(Makarichi, Jutidamrongphan & Techato 2018). The moving grate style of incinerator requires minimal 
pre-processing such as screening of the material to remove bulky, hazardous, and non-combustibles or 
fluffing of the pit techniques that are used to pelletized/shred the MSW (Makarichi, Jutidamrongphan & 
Techato 2018). Due to the minimal pre-processing required, a wide variety of MSW is transitioned through 
the incinerator.  
 
To facilitate the MSW auto-ignition, the furnace is brought up to temperature using start-up burners to bring 
the temperature up to 1000 ºC (Waldner et al. 2013). Once the furnace is up to temperature the Under-fire 
air is blown through the grates to achieve combustion of the MSW. Beneficial to this design, the moving 
grates transition any unburnt material through the furnace and discards it out the end. The ash from the 
burnt material falls through the grates and is collected via hoppers. Both the unburnt material and ash will 
then be collected and be disposed of in a landfill at a fraction of its original size. The types of wastes being 
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burnt in a WTE facility are not clean burning material, and thus these facilities are required to have an 
extensive Air Pollution control system and Continuous Emission Monitoring systems (CEMS) to meet 
regulatory emissions standards and maintain records of their emissions. These Air Pollution control systems 
include multiple elements to remove particulates (fly ash) and to reduce specific emissions (Vehlow 2015).  
 
Municipal waste has an approximate heating value of 10 MJ/kg (Malinauskaite et al. 2017), which is a 
significant source of energy for material that is being disposed of. This waste is typically pre-processed to 
make the best use of the material; recyclable and compostable items are typically removed as a minimal 
approach (Malinauskaite et al. 2017). In the burning of MSW material, significant emissions and by-
products are created. The by-products are categorized into groups: fly ash and heavy metals, acid gases and 
mercury, NOx, and Dioxins. These by-products all require specific treatment or disposal techniques to 
mitigate their environmental impact. A generic WTE facility is depicted in Figure 2.1 – Waste to Energy 
Incinerator (Vehlow 2015). 
 
 
Figure 2.1 – Waste to Energy Incinerator (Vehlow 2015) 
 
The significant public opposition to WTE facilities in North America continues to be a contentious subject, 
which limits the expansion of this industry. These opinions stem from the evolution of facilities where Air 
Pollution control systems were not installed. The absence of Air Pollution control systems resulted in 
significant dioxins and acid gas being released into the environment from the early WTE facilities 
(Makarichi, Jutidamrongphan & Techato 2018). New pollution control systems have been developed that 
can meet and exceed any regulatory requirement, but these facilities still have issues getting regulatory 
approval due to the continued negative public opinion of them. 




As per a study in 2018, the  world creates a total of 3 532 252 ton/day (Makarichi, Jutidamrongphan & 
Techato 2018), with that number projected to double in the next ten years. In 2014, 80 incinerators in the 
United States produced 2769 MW/hour of energy (Makarichi, Jutidamrongphan & Techato 2018) while 
processing 96 000 ton/day of MSW. WTE facilities are poised to assist with alleviating MSW disposal 
concerns and assist with the ever-increasing requirement for energy.  
 
2.3 NOx Emissions 
In the process of combustion, created emissions need to be dealt with to meet environmental regulations 
and reduce the impact on the environment. Nitrogen Oxides (NOx) is one such emission that is regulated 
to be maintained under 190 mg/m3 (METROVANCOUVER 2013) for greater-than 3 MW facilities in 
Metro Vancouver, BC Canada region. NOx family of compounds (NO, NO2) are harmful to both humans 
and the environment. NOx compounds are linked to the creation of Tropospheric ozone, which is a major 
contributor to smog and linked to the creation of greenhouse gas through a photochemical reactions in the 
atmosphere (Nitrogen Oxides (NOx), Why and How They Are Controlled  1999).  
 
NOx is created during combustion through three processes: fuel NOx, thermal NOx, spontaneous reaction 
(prompt NOx). Fuel NOx is created when organically bounded nitrogen fuel is used for combustion. This 
fuel reacts with the Oxygen in the air through a complex formation, which is not entirely understood, but 
results in the formation of NOx gases (Schwerdt 2016).  Thermal NOx is a process that Nitrogen in the air 
reacts with Oxygen to create NOx at an elevated temperature. This process requires a specific temperature 
range of greater than 1126 ºC and below 1626 ºC (Schwerdt 2016). The amount of thermal NOx has many 
factors such as residual time that the combustion gases are within this temperature range and the turbulence 
of the Oxygen content of the combustion air after initial combustion (excess oxygen). The temperatures for 
generating thermal NOx are not generally reached in WTE facilities but can be substantial in other power 
plants (Vehlow 2015). The main contributor to NOx in a WTE facility is fuel NOx, which makes predicting 
and controlling the amount of NOx complicated, as the fuel being used is inconsistent. This is why 
monitoring of NOx, among many other emissions, is generally part of the CEM system (Vehlow 2015). As 
a result, NOx is abundant in thermal power plants, and requires significant attention due to its negative 
impact on the environment. 
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2.4 Selective Non-Catalyst Reduction of NOx 
The Selective Non-Catalyst Reduction (SNCR) system was developed in 1975 by Exxon Mobile’s Research 
and Engineering company. The SNCR process can be easily retrofitted into older faculties due to the amount 
of equipment required. This process uses a nitrogen-based reducing agent, reagent, such as Ammonia (NH3) 
or Urea (CH4N2O) (Daniel C. Mussatti 2000). The reagent is injected into the 2nd pass of the furnace into 
the flue gas through an injection lance to chemically reduce the NOx molecule into Nitrogen (N2) and water 
vapour (H2O); Equation 2.1 denotes the ammonia reduction: 
 
2#$	 + 	2#'( 	+
1
2
$* 	→ 2#* 	+ 3'*$ 
Equation 2.1 – NOx reduction chemical process (Daniel C. Mussatti 2000) 
 
The reagent is injected into the flue gas and utilizes the carry over temperature that provides the energy for 
the reduction process. The NOx molecules are reduced, and the reacted flue gas is carried out of the boiler 
through the plant’s stack.  
 
The NOx reduction occurs during a specific temperature range where the reaction has enough energy to 
complete the reduction but not high enough to oxidize the reagent, which would result in the creation of 
more NOx. For Ammonia, the optimal range is from 870 ºC to 1100 ºC (Daniel C. Mussatti 2000) which 
makes placement of the injection point critical to the efficiency of the system. The efficiency of the SNCR 
system is shown in Figure 2.2 – NOx Reduction Efficiency Temperature Range (Daniel C. Mussatti 2000). 
If the temperature is not high enough, the reduction is frozen at an intermediate product which results in 
the creation of a significantly more environmental damaging gas, N2O (Vehlow 2015). Design of an SNCR 
system with a fluctuating temperature range requires constant adjustments based on the temperature profile 
to maintain efficient NOx reduction.  
 




Figure 2.2 – NOx Reduction Efficiency Temperature Range (Daniel C. Mussatti 2000) 
 
Residual time and turbulence of the mixture plays another crucial role in the effectiveness of the SNCR 
system (Shin, Kim & Jang 2007). The reagent needs to have proper dispersion into the flue gas, and the 
reaction chamber needs to provide enough residual time for the reaction to occur. As these factors can 
change depending on the running conditions of the boiler, it can be hard to maintain consistent residual 
time and the required turbulence for effective reduction. This variability causes issues with the control 
system tuning of the ammonia injection as the deadtime of the system is dependent on the running 
conditions of the boiler.  
 
2.5 Covanta’s Low NOxTM  
Covanta’s Low NOxTM (LN) system is installed in the WTE facility specific to the project, which makes 
use of a tertiary air system that redirects primary air (Under-fired air) and secondary air (Over-fired air) to 
stage the combustion of the MSW. This system is implemented to reduce the NOx generation on the bed of 
the boiler for both fuel and potential thermal NOx. As Fuel NOx can be generated at relatively low 
temperatures, less than 1100 ºC (Stephen P.Goff 2008), the amount of NOx generated is dependent on the 
amount of available Oxygen in the flame. When Oxygen is not available, Nitrogen is created instead of 
NOx. In a general MSW incinerator, the excess air ranges from 60 % to 100 % of Stochiometric (Stephen 
P.Goff 2008). The high amount of excess air results in a significant presence of Oxygen and therefore an 
abundant amount of NOx is generated. Covanta’s Low NOxTM redirects greater-than 50 % of the secondary 
air and a portion of the primary air to a newly created tertiary air zone. This results in slightly less than 
Stoichiometric mixture in the combustion zone and reduces the amount of NOx generated. The reduction 
of Oxygen results in a long lazy flame and higher temperatures in this region (Stephen P.Goff 2008). 
Optimization of a SNCR/LN NOx Reduction System using Model Predictive Control 
 
 8 
Secondary air is used to buffer this region to protect the furnace walls from excess damage from the higher 
temperatures.  
 
Figure 2.3 – Tertiary Air System (Stephen P.Goff 2008) 
 
The tertiary air is injected into the furnace, as seen in Figure 2.3 – Tertiary Air System (Stephen P.Goff 
2008), at a controlled rate that provides significant turbulence in the flue gas and allows for the completion 
of the combustion process (Stephen P.Goff 2008).  Completion of the combustion in this manner does create 
low levels of carbon monoxide (CO), which is another regulated emission. The added turbulence helps 
downstream post-combustion NOx control, such as in SNCR, as the increased turbulence aids with the 
mixture of the ammonia with the flue gas.  
 
As the LN process does result in a reduction of NOx, it can also result in reagent savings when compared 
to only an SNCR system. Finding the balance of this system both in NOx reduction, furnace wear, and CO 
emissions requires specifically design controllers to work within these control constraints.  
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2.6 Proportional-Integration-Derivative Controllers 
Proportional-Integration-Derivative (PID) controllers are widely used in Industry and form the primary 
control method used for analog control loops. As a legacy controller, the PID function is heavily explored 
in school and forms the transfer-functions seen in Equation 2.2 – Classical PID Transfer Function (Su Whan 
Sung 1996). Due to this exposure, many engineers and technicians are comfortable working with and 
manipulating this style of controller (Derek P. Atherton 1999). The PID controller has only tuning elements 
(proportional, integration, and derivative) that govern the system’s transfer function. These tuning numbers 
can be easily configured to form adequate control using well-known bump test methods such as Ziegler-
Nichols or Astrom and Hagglund (Su Whan Sung 1996).  
	







Equation 2.2 – Classical PID Transfer Function (Su Whan Sung 1996) 
 
A PID controller can provide robust control and zero steady-state error but it is well known that the basic 
PID controller has poor performance when dealing with a large deadtime process (Su Whan Sung 1996). 
Deadtime represents the time between a step-change in a controller’s output and when its change is sensed 
by its feedback sensors. The integral control is used to eliminate steady-state error but in turn, destabilizes 
the system without this feedback. This limitation compounds itself when dealing with variable deadtime as 
the system cannot be tuned correctly using a classical PID control algorithm. Some modifications have been 
proposed and heavily research such as using Smith Predictors (Arash Mehrafrooz 2007) or a PI-PD 
modification on the classical controller (Derek P. Atherton 1999). These types of modifications have 
provided additional resilience to create a stable system above the basic PID in these dynamic control 
circumstances. 
  
PID controllers are widely used in industrial plants and provide reasonable control for most of the control 
loops in the industry. Using PIDs in situations with large deadtime or variable deadtime results in less than 
optimal performance of the controller. This less than optimal performance is well known and is usually 
casually dismissed to maintain simplicity of the system; as a result, operators will control these loops 
manually during edge cases.  
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2.7 Advanced Process Control in Industry 
Control strategies have evolved from on-off control to the ability to model a process with enough precision 
to correctly, predictively, and control a process. Most modern control strategies implement a simple 
feedback system to correct an error in the control. The feedback strategy provides simple and reliable 
control for fast-reacting systems, but more complicated systems require different techniques to maximize 
its performance. In 2008 the AUKOTON project was started as the founders saw an opportunity for in-
depth research and standardization in model-based control (Hästbacka, Vepsäläinen & Kuikka 2011). The 
complexity and demands of industrial facilities for improvement continues, as attitudes have evolved to “do 
more with less” but the software controlling these facilities are not optimized for this new regiment 
(Lukman et al. 2013).  
 
Model-driven engineering (MDE) provides a systematic approach to process control through its process’ 
lifecycle. Implementing MDE has many hurdles to overcome due to the complexity of implementation 
because of the fragmented development software and non-standardized programming languages 
(Hästbacka, Vepsäläinen & Kuikka 2011). Overcoming theses hurdles and implementing MDE can have 
sustainable performance increases and therefore, higher profitability for these industrial facilities (Lukman 
et al. 2013). Research by P. Lautala, found that proper implementation of Model Predictive Control (MPC) 
can reduce NOx emissions by 20 – 30 % in a coal-fired facility (Lautala, Majanne & Henttonen 1990). 
These advance process control projects can provide a significant benefit to a facility by providing low-cost 
performance increases.  
 
2.8 Distributed Control System – DeltaV 
A Distributed Control System (DCS) is a computerized control system developed for industrial facilities 
for both monitoring and control of the plant. The controllers are distributed throughout the system to provide 
high reliability and decreased installation costs. These controllers are then networked together to provide 
central operational control and administration of the system. Due to the complexity and cost of these 
systems – they are generally only found in facilities with a high number of control loops and where safety-
critical process control is required. The WTE facility that is the center of this project runs on DeltaV, which 
is Emerson Process DCS.  
 
DeltaV’s topology is based upon nodes that are networked together over a redundant ethernet connection 
called the control network (Emerson 2018b).  These nodes have specific functionality from Operator 
Workstations that allow operators to control the plant to wireless network interfaces for sensors. The basic 
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system consists of a database server (Professional Plus Server), Operator Workstation, and controllers with 
IO, which provide the essential functionality to operate, maintain, and control the facility. More advanced 
nodes include Historians that provide continuous historical data, CHARacterization Module (CHARM) for 
fully customizable and remote marshalling of IO, and Safety Instrument System that can provide Safety 
Integrity level 3 for safety-sensitive industries such as the oil and gas sector (Emerson 2018a). A simplified 
topology is shown in Figure 2.4 – Generalized DeltaV Topology (Emerson 2018a). 
 
 
Figure 2.4 – Generalized DeltaV Topology (Emerson 2018a) 
 
DeltaV provides a full suite of engineering tools that provide the ability to develop and configure a system 
from the control logic to the Human Machine Interface (HMI). DeltaV Explorer is used as the main portal 
into the logic development and provides the ability to arrange the logic into a hierarchy of cells and modules: 
 
• Process Cells 
o Unit Modules 
§ Equipment Modules 
• Control Modules 
 
To facilitate the configuration of these logic modules, Control Studio is used. DeltaV follows the IEC 
standard for programming languages. IEC 61131-3 is a standard that defines five programming languages: 
Instruction List (IL), Ladder Diagrams (LD), Function Block Diagram (FBD), Structured Text (ST), and 
Sequential Function Charts (SFC). DeltaV’s Control Studio allows for two of these languages: FBD and 
SFC.  
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Function Block Diagrams are a graphical language that use blocks with both input and outputs to perform 
specific functions, as seen in Figure 2.5 – Control Studio Function Block. These blocks are then wired to 
other function blocks to pass specific information. These wires are used to pass both the primary data and 
status of that data. Status is used in DeltaV to define the quality of the information. Status can be used to 
define information such as an error analog input to high limited data. Both status and the primary data is 
then used in the downstream function block perform the next function. These function blocks are used to 
complete a control module which is usually a single control loop or single device control. 
 
 
Figure 2.5 – Control Studio Function Block  
 
DeltaV Operate is the primary HMI used in DeltaV (Emerson 2018b) shown in Figure 2.6 – DeltaV Operate 
HMI (Emerson 2018b). This program provides both the ability to run the operational displays along with 
the development tools to create the displays. This software uses a graphical interface to create and modify 
the graphics along with access to VBA programming language for full customization. The displays are 
made up of static shapes and Dynamo’s that depict the dynamic elements of the display. 




Figure 2.6 – DeltaV Operate HMI (Emerson 2018b) 
 
Natively, DeltaV has many tools and function blocks to allow for ease of implementation of advanced 
control algorithms. DeltaV’s advanced control portfolio includes Fuzzy logic, Neural networks, and MPC 
controllers. As Industry has been slow to adopt these advance algorithms due to the complexity and cost 
associated with implementing them, DeltaV includes many tools to assist with the model development and 
performance analysis of these control algorithms. For MPC development, DeltaV PredictPro provides the 
ability to develop and fine-tune MPC models both from historical data and manually developed data files.  
After the model has been created, it then allows the ability to simulate the control and test the performance 
of the model in a safe sandbox before commissioning the controller. PredictPro automates and guides the 
basic development of the models while also allowing an expert mode for advanced tuning of the model. 
These different modes allow the software to be tailored to the person using it.  
 
2.9 Model Predictive Control 
Model Predictive Control (MPC) was first introduced to Industry in the 1980s in the form of Dynamic 
Matrix Control, but modernized industry software packages of MPC control have been available since 1997 
(Forbes et al. 2015). MPC encompass several control strategies, but they follow a similar methodology. An 
MPC controller tries to predict the future reaction of the system using the current information and a derived 
model of the system. A simplified MPC block diagram is shown in Figure 2.7 – Model Predictive Control 
Block Diagram (Mendes 2016), depicting the data flow of the system. MPC differs from a standard PID 
controller that use the past and current state of the system to determine the response. An MPC controller 
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uses a predictive model, which is a mathematical formula that describes the system fully. The model can 
be derived using multiple methods: impulse response, step response, transfer function or state-space model 
(Lindberg 2014).  
 
 
Figure 2.7 – Model Predictive Control Block Diagram (Mendes 2016) 
 
A model that fully describes the system is a requirement as anything less can result in unsatisfactory 
performance or a completely unstable system. An optimizer is used in conjunction with the model using 
constraints and setpoints through a methodology to return the final desired output. The model always 
predicts the same number of steps into the future using the current inputs into the system. As time moves 
forward, this horizon is moved forward by one sample and continues to recede. This time frame is called 
the Prediction Horizon (Lindberg 2014) and is a limitation of the model and the mathematics used to 
describe the system.  
 
To describe the predictive model of the physical system a state-space form can be used. For a Single Input 
Single Output (SISO) system, self-regulating system: 
 
;̇=>/ = ?;= + @∆B= + C∆D= 
EF = G;=>/ 
 
;= = [EF, E/, …E6, … , E2K/]
M; future output predictions from 0 to p-1 steps ahead of time k 
 
?;= = [E/, …E6, … , E2K/]
M; is a shift operator 
 
@ = [NF, N/, … N6, … , N2K/]
M; is a vector of p step response coefficients 
 
∆B= = B= − B=K/; change in the process input (controller output) 
Equation 2.3 – State Space General Formula (Wojsznis et al. 2003) 
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Where ∆D= is the difference between the process output measurement ym and the model output y0 as a result 
of noise, unmeasured disturbances, and model inaccuracy; F denotes a filtering vector of dimension p 
(Predicted Horizon) with unity default values, and C is an operator that takes the first component of the xk+1 
vector.  
 
To consider a Multiple Input Multiple Output (MIMO) system, for an n outputs and m inputs process, vector 
xk has dimensions of n * p , and vector B is a matrix with dimension n * p rows and m columns. (Wojsznis 
et al. 2003) 
 
For process modelling for this project, a step response method was used for the generation of the model. 
The identification of the step response uses two techniques: Finite Impulse Response (FIR) and 
Autoregressive with external inputs (ARX) (Emerson 2018a).  
 






Equation 2.4 – Single Input Single Output Model Predictive Control Finite Impulse Response (Emerson 
2018a). 
 
Where p is the Prediction Horizon hi are the identified model impulse response coefficients, yk the model 
output, and uk the model input 
 
Research has shown that 30 – 120 coefficients are required for an impulse response to fully describe the 
dynamics of a simple first-order system. However, using 120 coefficients to identifying the step response 
will cause overfitting of the model and results in significant uncertainty, which is a common problem for 
FIR (Emerson 2018a). By using a “short-horizon” of 40 to 60 coefficients, overfitting of the model can be 
avoided. Using a short horizon, FIR is adequate to produce the initial part of the step response to defining 
deadtimes using a heuristic approach (Emerson 2018a). The deadtimes are used to determine the ARX 
model, which has significantly fewer coefficients than the FIR model as described mathematically in 









Equation 2.5 – Model Predictive Control Autoregressive Model (Emerson 2018a)  
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where A is the autoregressive and V is the moving average orders of ARX, d denotes the deadtime, and ai, 
bi are the model coefficients. 
 
For a MIMO system, superposition is applied from each input (additive action) on every output. After the 
ARX is defined, a unit step is applied to one of the inputs and the identified ARX model is used to produce 
a step response for that input (Wojsznis et al. 2003). A unit step is applied to each input and the ARX model 
to produce a response (Emerson 2018a), which is completed for each input to verify the model.  
 
Optimization techniques are an essential component of MPC when utilizing the technology for processes 
with several Controlled Variables (CV). One proven approach used in many MPC products is a linear 
programming optimizer. Linear programming is a mathematical technique for solving a set of linear 
equations and inequalities that maximizes or minimizes a function to meet an objective function. (Emerson 
2018a).  
 
Optimization using linear programming considers either Manipulated Variable (MV) values at the present 
time or the sum of MV over the horizon, and the values of Controlled and Constrained Values at the end of 
Prediction Horizon (Emerson 2018a). Linear programming techniques requires a steady-state system, and 
as a Prediction Horizon is normally used in MPC design, future steady-state is guaranteed for self-regulating 
processes (Emerson 2018a). Most industrial processes exhibit some nonlinearity, and while most industrial 
MPC software uses linear process models this can result in a degree of error while creating models (Forbes 
et al. 2015). The predicted process steady-state equation for an m by n input-output process is described in 
Equation 2.6 through 2.8: 
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∆VW(Y + Z) = \ ∗ ∆^W(Y + _)	















Equation 2.6 – Steady State Model Equation (Emerson 2018a) 
 
Where CV is the Control Variable, MV is the Manipulated Variable, prediction horizon p, control horizon 
c. 
 
The sum of the changes over the horizon is calculated by: 
 




Equation 2.7 – Model Predictive Control Horizon Sum (Emerson 2018a) 
 
The changes need to satisfy the limits imposed in the MPC design (objective function): 
 
^Wd6b ≤ ^W.kllmbh + ∆^W(Y + Z) ≤ ^Wdno 
VWd6b ≤ VW2lm76.hm7 + ∆VW(Y + Z) ≤ VWdno 
Equation 2.8 – Optimizer Objective Function (Emerson 2018a) 
 
As shown in Figure 2.8 – Linear Program Optimal Solutions (Emerson 2018a), a solution is always located 
within the feasible area at the apex points. The region of feasible solutions for two Control or Constraint 
variables and two Manipulated variables are boarded by MV1 and MV2 limits and CV1 and CV2 limit. 
The optimal solutions are located at all the apex locations marked by arrows. To find this solution, the 
Linear Programing algorithm calculates the objective function for an initial apex and improves the solution 
through every step until it determines the solution that best meets the objective function. In addition to 
constraints, the optimizer also accounts for specific control objectives that include the Control Variable 
Setpoints, preferred settling values and equalizing for selected Manipulated Variables (Emerson 2018a).  
 




Figure 2.8 – Linear Program Optimal Solutions (Emerson 2018a)  
 
MPCs can be tuned, which adjusts its performance to control the process to achieve a desired outcome. 
Penalty on Move (PM) and Penalty on Error (PE) provide the ability to tune how a MPC controller makes 
process adjustments. The PM variable defines how aggressive the controller can adjust any Manipulated 
Variable. High PM values result in a slow controller that is slow to adjust to process disturbance but does 
provide a wide stability margin. Low PM values result in a fast controller with a narrow stability margin. 
Where adjusting the PE makes it harder to reach the MPCs constraints/SP and decreasing the value makes 
it easier. The PE is generally adjusted on a per Constraint and Control Variable, and can be useful to adjust 
the importance of each variable (Emerson 2018a).  
 
A benefit to using MPC comes from the fact that operators trying to operate the plant will run the process 
in the center of the processes acceptable operating region. In this region of operation, the operator is 
provided the maximum amount of response time to correct any issues that arise (Lahiri 2017). However, to 
maximize profits from a process, it must be pushed to its constraints, which is true whether the unit is run 
for maximum throughput or not. Due to the linear programming techniques utilized in MPC and its ability 
to control multiple system variables, MPC can push these limits (Lahiri 2017). An operator is unable to 
gain this process efficiency utilizing single-loop control as they are unable to take into account all the 
process interactions as the optimal operating point is not constant and is depended on the dynamics of the 
system (Lahiri 2017).  
 
Advanced control algorithms such as MPC offer significant benefits to a facility willing to implement them 
but also come with additional costs. A facility willing to implement MPC controllers needs to understand 
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that without continuous maintenance, the benefits initially observed will degrade over time (Forbes et al. 
2015). The degradation in performance comes from many facets, including changes to instrumentation, 
process equipment, along with changes in the operating strategy of the plant. The MPC model and tuning 
needs to be kept up to date with the changing environment. To maintain an APC system, skilled APC 
engineers are required but are becoming a rare commodity due to the requirement of multiple skillsets and 
the complexity of APC technology. The multiple skillsets rise from the fundamental need for APC 
engineers to be competent in two equally essential fields: process and systems engineering (Forbes et al. 
2015). Due to these difficulties, many facilities are relying more on vendors to perform these tasks to 
maintain their investment. 
 
An MPC application in an interactive multiple variable system can provide the most performance 
improvement and therefore provides an economic gain to the company. As a MIMO MPC controller effects 
a large aspect of the process and thus a model mismatch can result in a significant performance loss of a 
system and financial loses to the company. This performance liability and abstraction from single-loop 
control (Lindberg 2014) make both companies and operation staff leery of using MPC controllers to 
optimize their facilities.  This has resulted in many MPC implementations typically being implemented as 
a supervisory layer over PID controllers. This structure allows ease of implementation and allows the PID 
controller to be used as a failsafe. This structure does limit the ability and performance gains by layering 
multiple controllers which increase the complexity and can produce errors in the system (Khan et al. 2017). 
 
MPC controllers can provide significant benefits to a company if implemented correctly. This technology 
is a complex solution and should not be implemented in every situation that has control issues as simple 
PID can provide adequate and robust control. In specific interactive MIMO systems, MPC can provide 
significant return on investment but is not merely an install and forget technology.  
 
2.10 Model Predictive Control Setup using PredictPro  
Emerson’s entry into the MPC market makes use of a software package called PredictPro, which is 
integrated within their Distributed Control System. This software is used to create and commission multiple 
variable control strategies and is used in conjunction with Control Studio function block logic – specifically 
MPCPro and MPCPlus function blocks. PredictPro can be used to view historical data and process response 
testing, along with a process simulation to fully test models.  
 
The first step in using PredictPro is to configure an MPC function block and download that to a controller. 
In the MPC function block, the input and outputs need to be defined to provide the necessary information 
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to the PredictPro software: Control, Disturbances, Constraints, and Manipulated variables (Emerson 
2018a).  
 
• Control Variables - Process output measurement maintained at a specific setpoint value through 
the output adjustments of the Manipulated variable.  
• Disturbance Variables - Process input that impacts the Control or Constraint variables. 
• Constraint Variables - Process output measurement maintained within constraint limits through the 
control action of the function block.  
• Manipulated Variables - Outputs of the function block and are used to adjust process inputs such 
as inlet flow setpoint or feed valve position.  
 
These variables populate PredictPro with the associated historical data from the local Historian. Once setup, 
PredictPro provides the ability to view the interaction of these variables and define data for the creation of 
models. PredictPro can then be used to create a Test Process that bumps the process to create a responses 
model as shown in Figure 2.9 – PredictPro Automatic Test Process (Emerson 2018a). This process works 
well in a production environment; in the case of this project, PredictPro allows external information to be 
imported into the software package to be used for model development offline.  
 
 
Figure 2.9 – PredictPro Automatic Test Process (Emerson 2018a) 
 
After the model has been developed, it can be verified against the initial training set of data or a new 
selection of test data. This allows the verification for each variable, and how it interacts with other variables. 
Optimization of a SNCR/LN NOx Reduction System using Model Predictive Control 
 
 21 
The results show the actual data and the model prediction along with its error as seen in Figure 2.10 – 
PredictPro Model Verification (Emerson 2018a). 
 
 
Figure 2.10 – PredictPro Model Verification (Emerson 2018a) 
 
The Control and Constraints also provide step response details for each input variable to understand the 




Figure 2.11 – PredictPro Step Response Verification (Emerson 2018a) 
 
If an issue was observed in a specific model, the response could be adjusted using a graphical adjustment 
or a numerical adjustment based on deadtime, gain, first order time constants, second order time constant, 
and lead-time constant (Emerson 2018a). Alternatively, additional step response can be completed and 
models can be combined to create a hybrid model that represents the system holistically. 
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PredictPro provides the ability to adjust the optimizer to best achieve the control objectives specifically 
defined for each system. This includes setting how the optimizer handles Constraints, Control Objectives, 
and Economic objectives. These settings provide the ability to customize the response characteristics for 
the model. Constraint handling defines the priority for each constraint and how the optimizer will work in 
or around the define limits. The Control objectives define how the system behaves around setpoints and 
within the control range, not limited by Constraints or Economic Objectives. Economic Objectives provide 
a method to give economic meaning to Control, Constraints, and/or Manipulated variables by allowing 
financial values to be given to these variables. The optimizer then finds the optimal solution to maximize 
the financial return (Emerson 2018a).  
 
Emerson PredictPro allows for the creation and maintenance of their MPC product. This software allows 
for a simple solution, while also providing all the expert information and fine-tuning that a skilled APC 
engineer requires. The PredictPro environment allows for the creation and monitoring of the MPC models 
along with the verification and offline simulation to create a complete working environment for an APC 
engineer.   
 
2.11 Continuous Emissions Monitoring Instrumentation 
Industrial facilities need to continuously monitor their impact on the environment. As mentioned in chapter 
2.2 Municipal Solid Waste to Energy, government agencies set allowable emissions for each 
industry/facility. NOx is one such controlled emission, which these facilities need to monitor outputs. A 
Continuous Emission Monitoring (CEM) system is a requirement for both control and regulatory 
monitoring. In this WTE facility, a MIR-9000 CEM is used to monitor and record the site's emissions.  The 
MIR-9000 communicates with the site’s control system via RS-232 to allow for feedback control to be done 
to minimize their emissions.  
 
The MIR-9000 is a multi-component Non-Dispersive Infra-Red (ND-IR) analyzer using Gas Filter 
Correlation technique (GFC) to reduce interference from cross sensitive gases (MIR-9000 Datasheet  2017). 
As shown in Figure 2.12 – MIR-9000 Non-Dispersive Infrared Diagram (MIR-9000 Datasheet  2017) in an 
ND-IR device, an infrared beam passes through a sample chamber and component in the sample gas absorbs 
a frequency of infrared. By measuring the amount of inferred absorbed at each frequency the concentration 
of each component can be determined (Dinh et al. 2016). A reference chamber is also used to normalize 
any reduction in source strength (MIR-9000 Datasheet  2017). 
 




Figure 2.12 – MIR-9000 Non-Dispersive Infrared Diagram (MIR-9000 Datasheet  2017) 
 
An optical bandpass filter (interferential filters) is used to select an infrared frequency band which 
corresponds to the component of interest in the sample chamber. The sample is not prefiltered for any gas 
components other than mechanical filtering to minimize the maintenance and cleaning of the sample 
chamber.  Within the measurement ranges, the ND-IR has excellent linearity following the Lambert-Beer 
law, which provides the device with a high accuracy measurement of the components of the gas (Y. W. Sun 
& Y. P. Wang 2013). The batch process for each sample creates a time delay between the reading that needs 
to be accounted for during the execution of this project. 
 
2.12 Knowledge Gap 
In researching model-based control for emission control, it revealed that there is a lack of imperial evidence 
for model-based control in this field. This lack of documented results is especially evident when reviewing 
implemented control strategies beyond the lab setting. Model-based control requires a specific skill set to 
implement and maintain, which is not usually present in small facilities and causes apprehension. These 
constraints have resulted in a slow adoption rate of APC in Industry. Research has shown simple PID control 
in deadtime dominate systems have performance issues due to the delay in feedback signals which cause 
instability in the controller. This review showed that a well-designed MPC control scheme can reduce 
variability and therefore increase the performance of the system using tools that most facilities already have 
but are not standardly implemented across the industry. The limitation of PIDs coupled with the multiple 
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process constraints found in the use of Covanta’s Low NOxTM results in this system not being fully utilized. 
This has resulted in a heavy reliance on the SNCR to maintain NOx, rather than finding an optimal solution 
of both LN and SNCR to control NOx emissions. Implementing MPC control with these process constraints 
to control both the LN and SNCR system could result in both cost savings for the facility and advancement 
of MPC adoption into industry, specifically in emissions control.   





This chapter provides the methodology of the project and how it was conducted. It details the various project 
phases and subtask within each phase along with the equipment and software used.  
 
3.2 Project Structure 
This project is structured as a Front-End Engineering Design (FEED) project at a WTE facility to increase 
the performance of their NOx reduction system. The following main project phases outline the work 
conducted: 
 
§ Phase 1: Kick-off with Industry Sponsor  
In the initial phase of the project, the scope and limitations were defined with the Industrial Sponsor. 
Significant negotiations were conducted between the facility, my employer, and myself as this 
project had significant overlap on products and services provided by my employer and the facility 
was concerned over liability.  
§ Phase 2: Data Collection and Analysis 
In this phase, research was completed, and site information was both collected and analyzed. The 
initial stages of this phase were based around a comprehensive literature review which provided 
significant background knowledge of the chemical process and the advantages and disadvantages 
of MPC control. The historical site data was then collected, and a feasibility and cost-benefit 
analysis was completed. Current control strategy diagrams were developed to provide a working 
document to design the new control strategy around.  
§ Phase 3: Design and Program 
Based on the information collected in Phase 2, a new control strategy was developed. A Digital 
Twin of the sites DCS was created using virtual machines to provide a development system for 
configuration of the new controller. A set of training data was used to train the predictive model, 
and the HMI was updated to represent the new controller.  
§ Phase 4: Data Analysis and Documentation 
Building on Phase 3, the predictive model was tested and verified using a test set of data to verify 




Optimization of a SNCR/LN NOx Reduction System using Model Predictive Control 
 
 28 
3.6 Quality Assurance 
To limit the error in the performance validation of the system, the following general practice guidelines 
regarding instrument calibrations were confirmed to be followed on site. The facility’s ISO 9001:2015 
outlines their Quality Management System and are followed to maintain a minimum standard and 
confidence in the instrumentation: 
§ Yearly calibration of all process instrumentation 
§ Daily span and zero calibrations of all regulatory continuous emissions monitoring equipment 
§ Calibration equipment to be validated yearly by a third party 
 
To minimize any variability in the performance, 11 months’ worth of data was collected from the site for 
performance and feasibility analyses. The following external variables will become negligible over the 
collected dataset:  
§ Fuel variability 
§ Operator interaction 
§ Weather patterns 
§ Boiler foulness 
 
3.7 Software 
3.7.1 DeltaV Reporter OPC HDA Excel Add-in 
An OPC Historical Data Access (HDA) Add-in for Excel was used to collect all the historical data used in 
this project. This tool is an Emerson product used to assist in collecting the data out of its proprietary 
Continuous Historian package. OPC HDA is a standard created by the OPC Foundation that specifies 
communication and security from a client to an OPC enabled database (OPC Foundation  2019) to access 
stored data. Table 3.2 – Sample OPC Excel Data Collection, highlights a set of sample data collected from 
the sites Continuous Historian.  
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Table 3.2 – Sample OPC Excel Data Collection 
Start 5 Jul 2019 4:00pm 
 
End 5 Jul 2019 6:51pm 
 
    
Description #2 Boiler NOx #2 Boiler NOx SP 
#2 Boiler NH3 Slip 
Analyzer 
Tag AIC-2-019/PID1/PV.CV AIC-2-019/PID1/SP.CV AIC-2-136/PID1/PV.CV 
    
 
mg/m3 mg/m3 ppm 
Timestamp [Local] Value Value Value 
7-5-2019 16:00:00 127.300003 131 0.0012417 
7-5-2019 16:00:01 127.300003 131 0.00118327 
7-5-2019 16:00:02 127.300003 131 0.00112483 
7-5-2019 16:00:03 127.300003 131 0.0010664 
 
During the collection, “Interpolated Values” were selected rather than “Raw Data”, as data compression is 
enabled on-site. Data compression uses an algorithm to remove data within a tolerance of the last sample 
(+/- 0.1 Engineer Unit). Selected “Raw Data” would result in data that contains NA samples between 
collected data rather than a value which would need to be cleaned up before analyzing.  
 
3.7.2 Distributed Control System - DeltaV 
The WTE facility utilizes a Distributed Control System to automate their process. This system is Emerson’s 
DeltaV system and is currently running version 12.3.1. This system monitors and controls their three boilers 
and its associated support equipment from a single control room.  
 
DeltaV Operate acts as the Human Machine Interface and is an integrated software package into the DCS. 
This software allows the Operator to monitor and control the process from custom build graphics. The 
graphical system utilizes a level approach to graphics to provide the relevant content for the Operator. 
 
• L1: Overviews – A high-level overview of the plant that provides system KPIs  
• L2: Process – Depicts a large sub system like a single boiler 
• L3: Equipment – Shows detailed information on a single piece of equipment or skid  
• L4: Device – Provides detailed information on an instrument or device. Also referred to as a 
Faceplate. 
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Creation of these custom graphics are done within DeltaV Operator using a Configure mode. These graphics 
are built using VBA and provide a highly flexible environment to meet the requirements of a facility. For 
this project, the L2 and L4 graphics will be modified to include the new controller.  
 
The control logic is managed within DeltaV Explorer, which provides a single hierarchical layout of the 
logic. This software allows an engineer to manage the logic and the site's resources such as Operator 
Stations, Controllers, and Application Servers. The logic is created in software called Control Studio, which 
allows for both Function Block and Sequential Function Chart programming. Additional functionality and 
advanced blocks are imbedded within these programming types such as MPC control and structured text.  
Modifications to both the logic of the site and HMI was conducted during this project to implement the 
MPC controller.  
 
3.7.3 DeltaV PredictPro 
DeltaV PredictPro is a software package used to create and test MPC models within the DeltaV DCS 
system. This software package was used extensively to create a model based on the control logic created 
using Control Studio. The model was created utilizing historical data pulled from the plant’s Historian using 
Excel OPC HDA. The models were then verified using another set of test data and modified to reduce the 
error within the model. A Simulation Mode was used to test the module which provided the ability to run 
the MPC model in an offline mode to confirm how it would act and to test the final logic.  
 
3.7.4 MATLAB 
MATLAB was used to perform data analysis due to the large quantity of data used. Custom code was 
written to facilitate this work and provide statistical results for feasibility, cost-benefit, and performance of 
the system. See Appendix E: MATLAB Data Analysis Code for the MATLAB code. 
 
3.7.5 VMWare 
To create a Digital Twin of the WTE facility’s DCS system VMWare was used to create and manage the 
virtual replicas.  
• Station_1: Professional Plus server which hosts the site’s configuration database, engineering 
software, and historical data.   
• B1_Cntrl, APC_Cntrl, and C001: The controllers execute and run the logic downloaded to 
them.  
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Due to hardware limitations of the host system the Application server (Historian_1) was not re-created as 
the host was not able to stably run two servers and three controllers. The historical data was migrated to the 
Professional Plus (Station_1) server to provide access to this information.  
 
3.8 Historical Data Cleanup 
The historical data was collected using an add-in to Excel, DeltaV Reporter, which utilizes an OPC HDA 
interface to the DCS Historian. This data was not completely clean and included down days, maintenance 
calibration, DCS maintenance time, and instrument failures. It was determined that cleaning this data prior 
to running any algorithms using MATLAB would provide the best results. The following rules were applied 
during the scrutinization of the data. 
 
For the seasonal data: 
1. Data that was flagged as “BAD” resulted in the entire sample row being removed 
a. Consider Historian maintenance or Instrument maintenance  
2. Time that the steam flows was under 50 % (20 000 kg/hour) the entire sample row was removed 
a. Unknown state of the Boiler 
3. CEM data was less than or equal to 5, the entire row was removed. 
a. Daily calibration and zero reference checks 
 
For model development, the data was left intact, but times were explicitly chosen to not include any 
incomplete data regions.  
3.9 Data Analysis Methodology 
Different data analysis techniques were utilized to understand both the dynamics of the system and the 
interaction between different process variables. This process was essential to creating the correct model for 
both the manipulated and disturbance parameters for the MPC controllers. The code to complete this 
analysis is provided in Appendix E: MATLAB Data Analysis Code. 
  
  




Cross-correlation is a standard method of estimating the degree to which two series are correlated. This 
method allows for correlation at different time lags and provides the ability to see if a process variables 
change is due to another change at a different time. The cross-correlation and its sampled standard deviation 


















Where E/h	and E*h are time series and E/vvv and E*vvv are the sample means of the series. lags k = 0, ±1, ±2,…. 
for data pair. 
 
The sample standard deviations of the series are: 
4p/ = {_p/p/(0), Dℎ|}|	_p/p/(0) = WS}(E/)	 
4p* = {_p*p*(0), Dℎ|}|	_p/p/(0) = WS}(E*) 
 





; q = 0,±1,±2,…. 
Equation 3.1 – Cross-Correlation (MathWorks 2019) 
 
3.9.2 Fourier Transform 
A Fourier Transform technique was used to determine different running conditions and how they affect 
other running parameters. The running conditions were grouped into defined data segments and then 
averaged to produce the average running condition for each segment. This provided insight into how the 
system runs for different operating conditions.  
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3.9.3 Perturbation Test 
The SNCR and LN system perturbation testing was conducted onsite to determine basic system 
performance parameters. These parameters were used to assist with the verification of the predictive model. 
The steps conducted for each test are shown in the Perturbation Tess Procedure and were used to maintain 
consistent results.  
 
Perturbation Test Procedure 
1. Set output to manual  
2. Let the system settle for 5 minutes 
3. A step change to the output by 5-10% to produce a meaningful change in the process value 
4. Allow process value to settle for 10 minutes  
5. Record start and stop times for data analysis 
 
 
3.9.4 Model Verification  
The model verification will be conducted using R-Squared and Root Mean Squared Error to determine how 
the model fits the test dataset. These values are automatically calculated in PredictPro, as shown in Figure 




Figure 3.1 – PredictPro Model Verification Output 
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A well-fitting regression model will result in predicted values close to the observed data values. R-Squared 
and Root Mean Square Error (Square Error) statistical methods utilize the Sum of Squares Total (SST) and 
Sum of Squares Error (SSE). SST measures how far the data is from the predicted mean, and SSE measures 
how far the data is from the model’s predicted values. The combination of the SST and SSE variables 
provide insight into the ‘goodness’ of fit of the final model and are used to build the Square Error and R-
Squared statistical values. 
 
R-Squared Model Validation 
R-Squared is a percentage of the observed variance from the mean prediction by the model, as shown in 
Equation 3.2 – R-Squared Validation (NIST/SEMATECH e-Handbook of Statistical Methods). The R-
Squared value always falls between 0 and 1, and a higher number is generally better but does have the 
following limitations: 
• R-squared cannot determine whether the coefficient estimates and predictions are biased. 
• Numerically, the R-Squared does not fully indicate whether a regression model is adequate. 
These issues result in both having to review the plotted values and as well as understanding the system that 
has been modelled. 
 
|6 = E6 − Ä(;6; 	ÅÇ)	
Equation 3.2 – R-Squared Validation (NIST/SEMATECH e-Handbook of Statistical Methods) 
 
with E6denoting the i response in the data set and ;6 the vector of explanatory variables, each set at the 
corresponding values found in the i observation in the data set. 
 
Graphically, the plot should approximate random errors that create the relationship between the predicted 
variables and the Test Dataset. Therefore, if the values appear to behave randomly around the actual values, 
it suggests that the model fits the data well. If non-random values appear is an indication that the model is 
not well fit.  
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Root Mean Squared Error 
Root Mean Squared Error (RMSE), portrayed as Squared Error in PredictPro, is calculated by computing 
the square of all residuals and averaging them over all the observations, as shown in Equation 3.3. 
 
É^4Ñ =	{(Ä − Ö)*vvvvvvvvvvv 
Equation 3.3 – Root Mean Squared Error (NIST/SEMATECH e-Handbook of Statistical Methods) 
 
Where Ä is the predicted value, and o is the observed value. 
 
RMSE indicates the absolute fit of the model compared to the data. The RMSE represents the standard 
deviation of the residual value and can be intermitted as the lower the RMSE, the more accurate the model’s 
prediction.  
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4 Site Visit Notes 
Two site visits were conducted during this project. One on May 9, 2019, to perform a walk-through of the 
site and collect necessary information regarding the DCS. The second visit was completed on July 5, 2019 
to conduct perturbation testing on the LN and SNCR system.  
4.1 Site Visit: May 9, 2019 
During this site visit, the initial data was collected to provide the bases to initiate the project.  
Initially, a walk-through of the site was completed of which Appendix C: Site Photos were taken. During 
this walk-through, a system sketch was created to produce a Process and Instrument Diagram (P&ID) of 
both the LN and SNCR systems. A visual inspection of all the instruments was conducted, and no issues 
were observed visually, and all instruments were in services. A review of the sites Asset Management 
System (AMS) produced no critical instrument errors reported to the DCS other than the Ammonia Slip 
analyzer, which reported a low light error.  
 
A meeting with the Instrument and Electrical (E&I) lead hand was conducted to review the calibration 
history, as the AMS system did not contain this information. The E&I lead hand advised that all the 
instruments are up to date with their yearly calibration, other than the Ammonia Slip analyzer. The Slip 
analyzer’s weekly maintenance and yearly maintenance have not been completed in the last year or more 
as the analyzer is not being used by operations.  
The following data was collected from the sites DCS system to create a Digital Twin of the DCS.  
• DCS Configuration Database 
• DCS Graphics 
• Historian Export 
The DCS layout was noted during this process to assist in the virtualization of the system.  
4.2 Site Visit: July 5, 2019 
A second site visit was conducted on July 5, 2019 to complete performance testing on the LN and SNCR 
system. The performance testing was conducted utilizing the Methodology defined in chapter 3.9.3 
Perturbation Test. The historian trend is depicted in Appendix F: Perturbation Test Process History View 
Printout, and the data is analyzed in chapter 7.1.2 Perturbation Test Dataset. These results were utilized in 
the creation of the primary training set and test set for the model verification. To collect the raw data a new 
Historian export was completed and moved into the Digital Twin.  
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5 Current Control Strategy 
The current control strategy was developed from the site visit and a review of the control logic. The design 
documents provided the bases to design a method to link the LN and SNCR systems produced in chapter 8 
Model Predictive Control Design and Configuration.  The complete design document can be found in 
Appendix G: Detailed Current Control Strategy.  
5.1 SNCR Control Narrative Overview 
The SNCR system controls the Ammonia inject into the furnace for each boiler. This system contains two 
Ammonia storage tanks (E-494 and E-470) that store two weeks of Ammonia use. Ammonia is delivered 
to the boilers by two transfer pumps (E-0-472 and E-0-473) that run in a Duty–Standby relationship. The 
Ammonia is pumped to each boiler and is metered through a Rosemount 873 Magtube and controlled via a 
Fisher control valve into the Injection Lance. Carrier water is used to maintain the penetration and 
dispersion of the Ammonia. The Carrier Water is supplied through two pumps (E-0-482 and E-0-483) in a 
Duty-Standby scenario and is pressure-controlled through a control valve to maintain constant outlet 
pressure. Cooling air is used to protect the Injection Lance and is supplied through two fans (E-0-484 and 
E-0-485) in a Duty-Standby scenario that offers constant velocity of air. The amount of Ammonia is 
controlled by a PID that controls the NOx emissions read from the CEM for each boiler.  
 
5.2 Low NOxTM Control Narrative Overview  
The Under-fire Air (UFA) and Over-fire Air (OFA) are the primary air used to control combustion in the 
furnace. The air is provided by the Force Draft (FD) Fan (M-1-050) that provides air for both the UFA and 
OFA systems. The FD fan is speed controlled to maintain consistent pressure. The steam flow is controlled 
through managing the UFA and manually setting the amount of MWS on the grates through adjusting the 
speed of the feeders. The output of the steam flow controller provides a Cascade setpoint to each UFA zone 
flow controller. Each UFA flow controller maintains 1/5 of the total flow through their respective zone. 
The OFA system is split into the secondary and tertiary air systems which provide the final amount of air 
for complete combustion of the MSW. The tertiary air (LN) system provides staged combustion to reduce 
NOx emissions. The secondary air system is used to maintain an air buffer that protects the walls of the 
furnace. The amount of LN is manually controlled by the operator which diverts secondary air to tertiary 
air. The amount of total OFA is a ratio of the current steam flow. 
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6 Digital Twin Virtual Setup 
To meet the limitations set out for this project, a Digital Twin of the sites DCS system was required as a 
development platform for the new controller. VMWare 12.5 Pro was chosen because of its compatibility 
with Emerson DeltaV software. Due to the resources available on the host, a full twin of the site was not 
created, and only one boiler and its associated systems were virtualized. This required three controllers and 
a Professional Plus server. Initially, an Application Server was also created, but this caused significant 




Figure 6.1 – Virtual System Architecture 
 
The Professional Plus Server (STATION_1) was created off a Dell T310 recovery disc specifically intended 
for Emerson DeltaV systems. DeltaV 12.3.1 was installed using the installation media. The Professional 




• Emerson Approved Microsoft Patches for April 2019 
 
The Professional Plus Server hosted the configuration database and the Historian datasets. The 
configuration database was created from the site's database using the configuration export taken during the 
initial site visit. The database was imported into a new configuration database. The HMI graphics were 
copied over from the site’s backup files and placed in their corresponding directories. The historical datasets 
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were migrated over from the failed Application Server’s virtual machine to provide access to the site’s 
historical records. This was completed by renaming the datasets and importing them using the Historian 
Administrator tool. The Professional Plus stations also acted as an Engineering station providing access to 
both the HMI configuration through DeltaV Operate Configure, and logic programming through Control 
Studio. The MPC models were created using PredictPro which was also installed on the server as part of 
the DeltaV Insight suite of programs.  
 
Three Controllers were required to run the specific logic for Boiler 1 and its associated subsystems. These 
simulation controllers were downloaded from Emerson Knowledge Based Articles and converted to 
VMware from Hyper-V. No virtual IO was used as all required IO blocks were placed in simulate mode to 
minimize the field errors. Simulation logic was not added to the system beyond the LN and SNCR systems.  
 
A virtual connection between the virtual machines was created to provide communication. VMnet1 was 
setup in VMWare Virtual Network Editor and set to Host-Only. On each virtual machine the NICs were 
assigned to VMnet1, which allowed the virtual machines to communicate between each other using the host 
as a switch.  
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7 Data Analysis 
7.1 Historical Data 
This chapter discusses the analysis of the raw data collected from site and how it relates to the system 
holistically. The Methodology chapter 3.8 Historical Data Cleanup presents details regarding how the data 
was prepared before being analyzed. Chapter 3.9 Data Analysis Methodology provides details regarding 
each analysis and how it was completed.  
 
7.1.1 Seasonal Dataset  
The Seasonal Dataset provided historical data from July 1, 2018 to April 30, 2019 and was collected 
utilizing a 1-minute sample period. This resulted in 391 523 samples for the period of 11 months. The 
sample period of 1 minute was selected to provide ample resolution but also provide a workable amount of 
data.  
 
The following signals were collected for testing and analysis purposes: 
• Sample Time 
• NOx Process Variable 
• NOx Setpoint 
• NH3 Slip Analyzer Process Variable 
• CO Process Variable  
• Secondary Damper Position  
• Steam Flow Process Variable 
• Average Furnace Temperature Process Variable 
• Tertiary Air Flow Process Variable 
• Fabric Filter Drag Process Variable  
• Total OFA Flow Process Variable 
• Natural Gas Flow Process Variable 
• Ammonia Flow Process Variable  
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7.1.2 Perturbation Test Dataset 
Performance testing was completed on July 5, 2019 and the data was exported from the site’s Historian. 
This data was collected at a 1 second sample time to provide the highest resolution for this test. Figure 7.1 
– Perturbation Test Process Data depict the process changes during these tests.  
 
 
Figure 7.1 – Perturbation Test Process Data 
 
The following signals were collected for testing and analysis purposes: 
• Sample Time 
• NOx Process Variable 
• NOx Setpoint 
• NH3 Slip Analyzer Process Variable 
• CO Process Variable  
• Fabric Filter Differential Pressure Process Variable  
• Steam Flow Process Variable 
• Average Furnace Temperature Process Variable 
• Tertiary Air Flow Process Variable 
• Fabric Filter Drag Process Variable  
• Total OFA Flow Process Variable 
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• Natural Gas Flow Process Variable 
• Ammonia Flow Process Variable  
• Flue Gas Flow Process Variable 
• Infrared Furnace Temperature  
• Furnace Outlet Temperature  
 
7.2 Cross-Correlation Analysis 
As described in Methodology chapter 3.9.1 Cross-Correlation, the  Cross-Correlation between two signals 
calculates the degree of confidence to determine if one change caused another change in a separate variable 
at a specific time lag. The following sections describes the analysis of specific variables to determine if 
such changes are correlated and can be used in the MPC model.  
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7.2.1 Low NOxTM and NOx Process Variable Cross-Correlation 
Tertiary Air and NOx Cross-Correlation provided statistical evidence of the relation between the two 
variables. The Cross-Correlation matches the information uncovered during the literature review. The 
Cross-Correlation was shifted by 200 samples to match the Perturbation Test. It noted a Correlation of 
0.354 at sample 863. With the LN Perturbation test occurring at 211, the Correlation maximizes at 652 
samples from the system bump. A 0.354 is not a high correlation, but this could be due to fluctuating NOx 
signal due to the current process conditions. Visually comparing the correlation to Figure 7.3 – Low NOxTM 
Perturbation Test, which displays the raw sampled values, does increase the confidence between the Cross-





Figure 7.2 – Low NOxTM and NOx Process Variable Cross-Correlation 




Figure 7.3 – Low NOxTM Perturbation Test 
 
7.2.2 Furnace Temperature and NOx Process Variable Cross-Correlation 
During the literature review, it was discovered that temperature should provide additional energy to the 
NOx reduction process, therefore making the Ammonia more effective if all other variables remain 
constant. The inability to step change the infrared and outlet temperature resulted in inconclusive results in 
the Cross-Correlation between NOx and the infrared and Outlet temperature as shown in Figure 7.4 and 
Figure 7.5. Additional methods to analyze the effect of temperature on the system was conducted in chapter 
7.3 Fourier Analysis due the results concluded in the Cross-Correlation. 
 








Figure 7.5 – Outlet Furnace Temperature and NOx Cross-Correlation  
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7.2.3 Fabric Filter Differential Pressure and NOx Process Variable Cross-Correlation  
The Fabric Filter is a large filter between the furnace and the flue stack where the CEM is located. The 
response of the system was investigated to determine if the filters produced any variability into the system. 
As shown in Figure 7.6 – Fabric Filter Differential Pressure and NOx Cross-Correlation there was no 
correlation between the Fabric Filter differential pressure and the NOx read at the stack. For the rest of the 
project the Fabric Filter will not be considered due to the insignificant source of disturbances to NOx.  
 
 
Figure 7.6 – Fabric Filter Differential Pressure and NOx Cross-Correlation 
 
7.2.4 Low NOxTM and Carbon Monoxide Cross-Correlation 
As per the literature review and reports from the operations team, the LN system causes CO issues. The 
correlation is seen in both Figure 7.7 – Low NOxTM and CO Cross-Correlation and Figure 7.8 – CO During 
Low NOxTM Perturbation Test with minimal delay in the CO creation. The correlation value depictures a 
correlation value of 0.5891 at a delay of 37 seconds. As seen in  Figure 7.8 – CO During Low NOxTM 
Perturbation Test the increase in LN produces a highly variable CO output which acts like a multiplier to 
the base CO. An increase in LN produces an increase in CO as per the literature review with a positive 
cross-correlation. 
 








Figure 7.8 – CO During Low NOxTM Perturbation Test 
Optimization of a SNCR/LN NOx Reduction System using Model Predictive Control 
 
 48 
7.2.5 Ammonia and NOx Cross-Correlation 
The primary NOx control is conducted by varying the injection of Ammonia into the furnace. The injection 
of Ammonia shows a high correlation of -0.7768 at a delay of 24 seconds as seen in Figure 7.9. This 
correlation matches the expectations of the SNCR system.  
 
 
Figure 7.9 – Ammonia and NOx Cross-Correlation 
 
7.3 Fourier Analysis 
As described in the Methodology chapter 3.9.2 Fourier Transform, a Fourier Transform technique was used 
to understand how different running conditions affected the average of specific variables.  The data was 
broken down into data segments, and all the variables were averaged within that segment to create an 
average running condition for the segment over the seasonal dataset. 
 
7.3.1 Low NOxTM Percentage Fourier Analysis 
The LN system, as investigated in the Cross-Correlation chapter 7.2.1, showed correlation to NOx; 
therefore, an increase in LN percentage would decrease NOx. The amount of running LN at a higher value 
also showed correlation to an increase in CO. The amount LN affects these two is depicted in Figure 7.10 
– Fourier Analysis of the Low NOxTM’s Effect on Process Conditions. The regular LN running condition is 
21.7 % with an average Ammonia flow of 41.3 L/hour. During the typical conditions, CO averaged to 26.6 
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mg/m3. There is a clear trend that reflects the increase in LN reduces the required Ammonia to maintain 
NOx. As LN is increased to 30 % the average Ammonia is reduced to 30.2 L/hour with a marginal increase 
to CO 26.79 mg/m3. These numbers contain an average of 388.76 hours of data over the dataset and provide 
high confidence in the value. The values above 48 % contain less than 10 hours of running averages over 
the dataset and subsequently provide trend data but are not considered accurate within reason, for example 
the final CO spike above 50 % LN.  
 
 
Figure 7.10 – Fourier Analysis of the Low NOxTM’s Effect on Process Conditions 
 
7.3.2 Furnace Temperature Fourier Analysis 
The Fourier Analysis for temperature was required due to the inconclusive results of the Cross-Correlation 
previously analyzed. In Figure 7.11 – Fourier Analysis of the Furnace Temperature’s Effect on Process 
Conditions the average furnace temperature was defined into segments to determine how the system runs 
at different temperatures. The normal running temperature is 929 ºC, with an average ammonia flow of 41.3 
L/hour. A clear trend is shown, as the furnace temperature is increased, the amount of ammonia required to 
maintain NOx is decreased. The temperature trend follows the information uncovered during the literature 
review as shown in Figure 2.2 – NOx Reduction Efficiency Temperature Range (Daniel C. Mussatti 2000). 
As more energy is introduced, the reduction of the NOx into Nitrogen and Oxygen is more effective. The 
temperatures plotted in Figure 2.2 can be used as a general guideline only as the location of the furnace 
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temperature thermocouples are below the injection point of the Ammonia which is located in the 2nd pass 
of the boiler. Therefore, the temperature is only a relative measurement when compared to the plot in Figure 
2.2. Ammonia has a peak efficiency of 92 % at 971 ºC measured at the injection and mixing location. When 
the running temperature is 1000 ºC the average Ammonia is 32.1 L/hour and results in operational savings 
to maintain NOx.  
 
 
Figure 7.11 – Fourier Analysis of the Furnace Temperature’s Effect on Process Conditions 
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7.4 Manual Loop Performance Calculations 
The manual loop performance calculations are used during the model verification process to verify that the 
model matches the system parameters.  
 
7.4.1  Ammonia Perturbation Test 
 
Figure 7.12 – Ammonia Perturbation Test 
 
Table 7.1 – Ammonia Perturbation Test Data 
Initial Values 
Test Start 5:37:06 
Deadtime 5:37:27 
Ammonia 45 L/hour 
NOx 173 mg/m3 
Final Values at 5:41:10 
Ammonia 82 L/hour 
NOx 82 mg/m3 
 
 




5: 37: 27 − 	5: 37: 06 = 218|_ 
First Time Constant (63.2%): 
(83	eã/ℎ}		 − 173eã/ℎ}	) ∗ 	 .632 + 173 = 	145.664eã/ℎ} 
 
5: 37: 59 − 5: 37: 27 = 32	8|_ 
Second Time Constant (86.5%): 
(83	eã/ℎ}		 − 173eã/ℎ}	) ∗ 	 .865 + 173 = 	105.35	eã/ℎ} 
5: 39: 39 − 5: 37: 27 = 192	8|_ 
System Gain: 




7.4.2 Low NOxTM Perturbation Test 
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Table 7.2 – Low NOxTM Perturbation Test Data 
Initial Values 
Test Start 6:16:18 
Deadtime 6:16:56 
LN% 40% 
NOx 106 mg/m3 
Final Values at 6:19:12 
LN% 50% 
NOx 87.97 mg/m3 
 
Deadtime: 
6: 16: 56 − 	6: 16: 18 = 388|_ 
First Time Constant (63.2%): 
(87.97	eã/ℎ}		 − 106eã/ℎ}	) ∗ 	 .632 + 106 = 	94.60eã/ℎ} 
 
6: 18: 18 − 6: 16: 56 = 82	8|_ 
Second Time Constant (86.5%): 
(83	eã/ℎ}		 − 173eã/ℎ}	) ∗ 	 .865 + 173 = 	90.40eã/ℎ} 
6: 18: 35 − 6: 16: 56 = 99	8|_ 
System Gain: 
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8.1.2 Detailed Control Narrative 
This chapter outlines the changes to the existing control strategy implemented on-site and is used in 
conjunctions with Figure 8.1 – SNCR MPC Modified Process and Instrument Diagram and Figure 8.1 – 
SNCR MPC Modified Process and Instrument Diagram.  
 
Ammonia Flow Controller (FIC-1137) 
The Ammonia flow controller that is a slave controller to AIC-1019 and XIC-1138. The PID controller 
receives a Cascade setpoint from AIC-1019 when the APC system is turned off. When the APC system is 
turned on the controller is in a Remote Output mode that bypasses the local PID algorithm and transfers the 
output from XIC-1138 directly to the AO block to control the valve directly. In Automatic mode a local 
setpoint is used and the APC and Cascade control is disabled. The Ammonia flow is from Magtube FIT-
1137 which has a range of 0-114 L/hour. The output controls FCV-1-137 which is a Fisher modulating 
control valve. The PID tracks the output to 0 when the FD fan has stopped or when the steam flow is < 20 
000 kg/hour. 
 
Over-fire Air Master Controller (XY-1315) 
The OFA master controller allows the operator to balance the flow between the secondary and tertiary air. 
In Automatic mode the operator enters a manual setpoint in percent from 25 - 90 % that redirects flow from 
the secondary to the tertiary air. In Remote Output mode the APC system controls the LN percentage and 
provides a Cascade setpoint to the downstream slave controllers. The total OFA can be controlled locally 
by the Operator or is derived by a scalar off the current steam flow: 23 100 – 38 600 kg/hour to 10 900 – 
18 900 m3/hour. 
 
NOx MPC Supervisory Controller (XIC-1138) 
The APC control module contains the MPC controller is used to optimize the LN and SNCR system. When 
the APC is enabled FIC-1137 and XY-1315 are set to Remote Output and Remote Cascade, respectively. 
It is also a requirement that the slave controllers associated with XY-1315 are in Cascade Mode. See Table 
8.1 – Advance Process Control Controller Modes for required modes. The MPC controller variables: 
Manipulated Variable, Control Variable, Disturbance Variable, and Constraint Variable are to be defined 
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Table 8.1 – Advance Process Control Controller Modes 
Module Required Mode 
FIC-1137 Remote Out 







Table 8.2 – Model Predictive Controller Design Matrix 
Manipulated Variables Ammonia Flow Control Valve 
FV-1137  
Optimizer: Minimum 
LN Percentage of OFA  
XY-1315 
Optimizer: Maximize 
Control Variables NOx Process Value 
CPP1-AT-1 
 
Disturbance Variables Furnace Temperature Process Value 
TI-1025 
 
Constraint Variables Carbon Monoxide Process Value 
CPP1-AT-5 
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8.3 Human Machine Interface Configuration 
The existing DCS L2 and L4 graphics were updated with the MPC control. As shown in Figure 8.6 – 
Updated Boiler 1 Graphic with MPC Dynamos, the MPC elements were added on top of a gray box for 
visualization purposes. Standard DeltaV dynamic elements, Dynamos, were used to link to the MPC 
controller to allow the operator to visualize the MPC controller. The Manipulated Variables were added 
with dotted control lines to their respective controllers. This process provides visualization of how the 
control is linked together. The bottom right hand of the graphic contains a control box that contains the rest 
of the MPC parameters to provide process context to the operator.  
 
 
Figure 8.6 – Updated Boiler 1 Graphic with MPC Dynamos 
 
The new dynamos within the MPC control box contain the Constraint, Disturbance, and Control dynamos 
which provide access to their respective faceplates depicted in Figure 8.7 – MPC Faceplates. Additionally, 
access to DeltaV Insight, which is used to control the MPC controller, can be accessed through the NOx 
MPC Dynamo located at the top of the MPC control box. The overall mode of the MPC controller is 
depicted to the right of the DeltaV Insight MPC Dynamo. These elements provide the context and ability 
to understand the state of the system and if required, the ability to intervene.  
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Figure 8.7 – MPC Faceplates 
Left to Right: Constraint, Manipulated, Disturbance 
  

Optimization of a SNCR/LN NOx Reduction System using Model Predictive Control 
 
 63 
To create the initial model using the PredictPro software, the area depicting Test 1 was highlighted to 
indicate the data to be used to create the model. The model was created successfully but contained an error 
flagging the Temperature model as questionable due to the limited available data in the training set. An 
auxiliary model was explicitly created for the temperature using a larger dataset with a significant 
temperature swing, the model was copied over to the working model via copy and paste. This larger dataset 
containing Test 1 and Test 2 and can be seen in Figure 9.3 – Model Training Dataset and Test Datasets to 
have represented a varying temperature. Figure 9.2 – Aggregate MPC Model depictures the multiple 
individual models that create the final process model. 
 
 
Figure 9.3 – Model Training Dataset and Test Datasets 
  
17:30 17:45 18:00 18:15 18:30 18:45























Test 3Test 2Test 1
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9.2 Model Verification and Tuning 
This chapter describes the steps taken in verifying and tuning the model. The Methodology set out in 3.9.4 
Model Verification was used to verify how well the model accurately describes the process. 
 
9.2.1 Initial Model 
Numerical analysis of the initial model, including the axillary temperature model, showed an inability for 
the model to represent the process. The inability is evident with the relative low R-Squared value for both 
the NOx and CO and the high Squared Error value for the CO model, as seen in Table 9.1 – Initial Model’s 
Performance Values. 
 
Table 9.1 – Initial Model’s Performance Values 
 Squared Error R-Squared 
NOx 5.11 0.59 
CO 20.32 0.51 
 
 
Following the Methodology set out, the verification plots were also reviewed, which can be seen in  Figure 
9.4 – Initial Model’s Verification of Control and Constraints for CO and Figure 9.5 – Initial Model’s 
Verification of Control and Constraints for NOx. The figures visualize the inaccuracy numerically 
described in Table 9.1 – Initial Model’s Performance Values. The prediction did not accurately reproduce 
the actual measured values for CO or NOx. The NOx prediction did follow the actual values relatively when 
analyzing Figure 9.5 but with an incorrect gain. 
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9.2.2 Manually Calculated Performance Model 
The initial model was not suitable due to the significant error between the actual and predicted values. The 
model was manually adjusted as seen in Figure 9.6 – PredictPro Manual Model Adjustment for the NOx 
and Ammonia model. The applied values were the manual system response parameters calculated in chapter 
7.4 Manual Loop Performance Calculations.  
 
 
Figure 9.6 – PredictPro Manual Model Adjustment 
 
Due to the inability to calculate the CO and temperature values as a perturbation test could not be performed, 
only the LN and Ammonia to NOx was adjusted. These values produced a better R-Square value, as seen 
in Table 9.2 – Manually Calculated Model’s Performance Values but also have a higher Squared Error 
value for NOx. The CO values did not change as the associated models were not adjusted.  
 
Table 9.2 – Manually Calculated Model’s Performance Values 
 Squared Error R-Squared 
NOx 6.35 0.67 
CO 20.32 0.51 
 
Visual analysis of Figure 9.7 – Manually Calculated Model’s Verification of Control and Constraints for 
CO and Figure 9.8 – Manually Calculated Model’s Verification of Control and Constraints for NOx showed 
disappointing results in the calculated values to represent the processes.  
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9.2.3 Final Model 
Building on the improvements made in the manually calculated model, additional fine-tuning was 
completed to reproduce the system. Two methods were used to refine the model: visual adjustment utilizing 
the FIR using knowledge of the system and re-creation of individual models using a new dataset.  
 
The new model was created utilizing historical data for CO, like the process initially used to fix the initial 
model’s temperature error. In this situation an hour of data was used which represented an upset CO 
condition which was found by inspecting the historical data. This dataset included significant operator 
intervention of LN system. The new CO model which included its Temperature, LN and Ammonia models 
were integrated into the existing model being refined.  
 
Manual adjustment through visual inspection of the FIR was used to refine the existing models. This was 
done utilizing system response parameters: deadtime, gain, first order time constant, second order time 
constant, and lead-time constant. Additionally, PredictPro allows for manual adjustment by adding points 
to the response curve that force the FIR curve through those points. Both the data entry and manual data 
points were used to adjust each model to provide the desired response. This process required in-depth 
knowledge of the system and its response’s. 
 
Table 9.3 – Final Models Performance Values 
 Squared Error R-Squared 
NOx 7.82 0.82 
CO 3.71 0.94 
 
The final numerical results are shown in Table 9.3 – Final Models Performance Values, which show 
significant improvements over the previous models. The test set of data was used to verify the models. As 
represented in Figure 9.3 – Model Training Dataset and Test Datasets, Test 2 was used to verify the NOx 
model and the Test 3 was used to verify the CO model. The NOx shows a high R-Square value of 0.82 and 
fair Square Error value of 7.82 which together show a good correlation between the model and the actual 
values. The results of the CO model showed the most improvement with an R-Squared value of 0.94 and a 
Squared Error of 3.71. The numerical CO values predict a high correlation between the predicted values 
and the actual values.  
 
The visual analysis of the verification for both models are shown below in Figure 9.9 – Final Model’s 
Verification of Control and Constraints for CO and Figure 9.10 – Final Model’s Verification of Control and 
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Constraints for NOx. The CO verification shows high similarity between the predicted and actual values. 
The step-change of the CO value is a result of CEM sample system, and thus a level of error is expected in 
this visualization.  
 
 
Figure 9.9 – Final Model’s Verification of Control and Constraints for CO 
 
The NOx verification visually, shown in Figure 9.10, shows the prediction following the actual values 
within a margin of error. The numerical values show a small degree of error between the prediction and the 
actual values. This error can be seen in the middle of the chart where the NOx is floating up and down. Like 
the CO, the step changes are a result of the CEM system.  
 




Figure 9.10 – Final Model’s Verification of Control and Constraints for NOx 
 
The final CO and NOx predictions are created using multiple sub-models for each measurement variable. 
These sub-models are shown in Figure 9.11 – PredictPro Individual Manipulated and Disturbance Models 
that show the FIR response to a change of each variable. The red highlight variable for each response that 
has the most significance to that variable; for CO, the LN adjustment is the most significant and for NOx 
the Ammonia is the most significant. The highlight variables match what was predicted through the 
correlation analysis and the literature review. In the CO model, Ammonia has no impact on the creation of 




Figure 9.11 – PredictPro Individual Manipulated and Disturbance Models 
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The final model both show good fit values numerically and highly correlated verification plots. The final 
analysis of this model proves to provide a good representation of the system within a margin of 
acceptable error for initial implementation.  
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9.3 Model Simulation and Testing 
The final testing of the system utilized a simulation of the created model for final verification of the 
configuration and graphics. The Simulation Mode is shown in Figure 9.12 – Model Simulation of a NOx 
Setpoint Change in DeltaV Insight, which allows for implementing variability and changes to the simulated 
values to confirm the stability of the system. This simulation also allowed for the verification of the graphics 




Figure 9.12 – Model Simulation of a NOx Setpoint Change 
 
Figure 9.12 – Model Simulation shows a stabilized system after step setpoint changes was introduced to 
the NOx controller. The NOx setpoint was moved from 119 mg/m3 to 130 mg/m3 and the control was able 
to return the process to setpoint and remain stable even during introduction of a highly randomized CO and 
NOx value.  
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10 Conclusions and Future Work 
10.1 Conclusions 
The NOx abatement system at the Metro Vancouver WTE facility uses both an SNCR and LN system to 
reduce and maintain their NOx emission. The LN system is not currently being utilized due to the manual 
control required to balance the SNCR and LN system. The manual control has resulted in a reliance on 
Ammonia and a high operating costs of the system to maintain NOx control. To optimize the balance 
between the LN and SNCR, advance process control can be used to find the optimal balance between costs 
and process constraints. This balance would result in a reduction of Ammonia while also maintain NOx and 
CO emissions within their environmental regulations.  
 
For the design, Model Predictive Control was chosen because of its ability to optimize its final solution 
using linear programming and its ability to be implemented into the facilities control system. To find the 
optimal solution, the MPC controller was designed to both minimize the use of SNCR and maximize the 
use of LN while maintaining the facilities emission limits for NOx and CO. For these systems to be 
optimized and modeled, an understanding of the correlation between both these two systems and other 
process variables were required. Historical data was analyzed to determine the process relationships that 
had high correlation values to NOx, LN, and Ammonia. The data analysis showed that CO was produced 
by increasing the LN while also reducing NOx, whereas, Ammonia injection reduced the NOx, but its 
efficiency is related to the furnace temperature. The correlation data was used to build the design for the 
MPC controller which included a Process and Instrument Diagram and a Control Narrative. A Digital Twin 
of the facilities DCS system was built and used to configure the new MPC controller. The MPC model was 
developed and refined using historical data collected from site. The final MPC model and configuration is 
ready to be implemented into the plant’s DCS for a trial. 
 
The analysis of the data showed the possibility of significant savings to the facility if the LN and SNCR 
systems were to be optimized. The estimated yearly savings of Ammonia is $48,000.00, as shown in 
Appendix H: Cost-Benefit Analysis. This savings can be further increased if a furnace temperature control 
was developed and implemented.  This project shows that a properly implemented MPC controller can be 
used to reduce operating costs in an older facility by optimize their Air Pollution Control system.  This 
optimization could allow these systems to further reduce the facilities impact on the environment in the 
future as the overall performance of the system would be increased.  
Optimization of a SNCR/LN NOx Reduction System using Model Predictive Control 
 
 74 
10.2 Future Work 
Due to the specific limitations and scope of this project, the following topics could not be explored and 
can be investigated further in the future: 
• Investigate a method of raising the average furnace temperature and controlling that temperature 
• Commission and start-up the MPC controller on-site and conduct performance analysis to 
confirm estimations 
o Initial conversations regarding purchasing of the required MPC licence have been had 
with the facility.  A trial is being considered for the 2020 fiscal year on one boiler.  
• Refine model utilizing additional data from site 
• Investigate other emissions that can benefit from APC algorithms 
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Appendix A: Project Specification 
Project Specification 
 
For:   Grant Johnston 
Title:   Optimization of a SNCR/LN NOx Reduction System using Model Predictive 
Control 
Major:  Electrical Engineering 
Supervisor:  Les Bowtell 
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ENG4112 – EXT S2, 2019 
Project Aim:  Design and analyze an advanced control algorithm to optimize the NOx reduction 
in a Waste to Energy Facility to reduce the amount of reagent used.  
Programme:  Revision B, August 10, 2019 
 
i. Liaison with the site to coordinate site time and availability of data 
ii. Review the current implemented control strategy and create a detailed design document 
iii. Perform an analysis of the historical data to determine the performance of the current system 
including sensing delays and control constraints 
iv. Create a cost-benefit analysis of the new design 
v. Design an updated SNCR/LN control strategy including a PID and a control narrative 
vi. Create an Offline digital twin of the sites DCS for development and testing 
vii. Program the new control strategy in an offline simulation of the DCS 
viii. Test control strategy based on historical data to determine viability of the new design 
ix. Present finding to the facility sponsor and provide recommendations based on performance of the 
offline testing. 
If time and opportunity exist: 
i. Implement the new control strategy online and refine the MPC algorithm, as required  
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Appendix C: Site Photos 
A site visit conducted on May 9, 2019. 
 
Ammonia Storage Tanks 
 
Ammonia Injection Pumps 




Ammonia Flow Meter – Magtube  
 
Ammonia Flow Meter nameplate 




Ammonia Flow Meter Control 
Valve 
Fisher Controller Valve with a 
DVC positioner  
 
SNCR Air, Water, Ammonia 
injection panel 




Ammonia injection lance 
 
SNCR lance connections for water, 
air, and Ammonia 




Ammonia slip analyzer 
 
Ammonia slip analyzer nameplate 




DeltaV SNCR operator graphic 
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% First Bump: 5:37:02 (19 to 30) 
% Second Bump: 5:59:13 (19 to 30) 
% Third Bump: 6:36:28 (19 to 22) 
%  
% LN Bump: 6:16:23 
  
  
% Price per: https://www.intratec.us/chemical-markets/ammonia-price 
  
NH3CostPerL = 487.00/1470.588; 
k = 0; 
BumpData = ReadDataCSV('B2_BumpTests2.xlsx'); 
figureNum = 1; 
  
% Date Ranges 
% Bump 1 
sYear = 2019; 
sMonth = 7; 
sDay = 5; 
sHour = 17; 
sMin = 36; 
  
eYear = 2019; 
eMonth = 7; 
eDay = 5; 
eHour = 17; 
eMin = 40; 
  
StartTime = datetime([sYear  sMonth  sDay  sHour  sMin  00]); 
EndTime = datetime([eYear  eMonth  eDay  eHour  eMin  00]); 
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StarEndTime = timerange(StartTime,EndTime); 
timeData = table2timetable(BumpData); 
timeData = timeData(StarEndTime,:); 
Bump1_Data = timetable2table(timeData); 
  
% Bump 2 
sYear = 2019; 
sMonth = 7; 
sDay = 5; 
sHour = 17; 
sMin = 57; 
  
eYear = 2019; 
eMonth = 7; 
eDay = 5; 
eHour = 18; 
eMin = 4; 
  
StartTime = datetime([sYear  sMonth  sDay  sHour  sMin  00]); 
EndTime = datetime([eYear  eMonth  eDay  eHour  eMin  00]); 
  
StarEndTime = timerange(StartTime,EndTime); 
timeData = table2timetable(BumpData); 
timeData = timeData(StarEndTime,:); 
Bump2_Data = timetable2table(timeData); 
  
  
% Bump 3 
sYear = 2019; 
sMonth = 7; 
sDay = 5; 
sHour = 18; 
sMin = 36; 
  
eYear = 2019; 
eMonth = 7; 
eDay = 5; 
eHour = 18; 
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eMin = 39; 
  
StartTime = datetime([sYear  sMonth  sDay  sHour  sMin  00]); 
EndTime = datetime([eYear  eMonth  eDay  eHour  eMin  00]); 
  
StarEndTime = timerange(StartTime,EndTime); 
timeData = table2timetable(BumpData); 
timeData = timeData(StarEndTime,:); 
Bump3_Data = timetable2table(timeData); 
  
% Bump LN 
sYear = 2019; 
sMonth = 7; 
sDay = 5; 
sHour = 18; 
sMin = 13; 
  
eYear = 2019; 
eMonth = 7; 
eDay = 5; 
eHour = 18; 
eMin = 36; 
  
StartTime = datetime([sYear  sMonth  sDay  sHour  sMin  00]); 
EndTime = datetime([eYear  eMonth  eDay  eHour  eMin  00]); 
  
StarEndTime = timerange(StartTime,EndTime); 
timeData = table2timetable(BumpData); 
timeData = timeData(StarEndTime,:); 















%% FFT Bucket Running Averages 
% Used to determine how the system reacts in different running conditions 
% on average. Collects all times when variable is within a limits and 
% averages the running paramarters during that time.  
  
Data = ReadDataCSV('Matlab_Full_clean.xlsx'); 
TertAirBuckets = 3600:50:7000; 
OFABuckets = .01:(0.59/20):0.6; 
TempBuckets = 800:(400/20):1200; 
VarNames = {'BUCKET' 'SAMPLE' 'AVG_NH3' 'AVG_CO' 'AVG_TEMP' 'AVG_SLIP' 
'AVG_NOX'}; 
  
% Tertiary Air  
for i=1:length(TertAirBuckets) - 1 
     
    TertAirAnalysis(i,:) = BucketAvg(Data, [TertAirBuckets(i) 
TertAirBuckets(i+1)], 1); 






TertAirAnalysis.Properties.VariableNames = VarNames; 
  
% Temperature 
for i=1:length(TempBuckets) - 1 
     
    TempAnalysis(i,:) = BucketAvg(Data, [TempBuckets(i) TempBuckets(i+1)], 
0); 
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TempAnalysis.Properties.VariableNames = VarNames; 
  
% OFA 
OFADivTert = Data; 
OFADivTert.OFA_FLOW = OFADivTert.TERT_FLOW ./ OFADivTert.OFA_FLOW; 
  
for i=1:length(OFABuckets) - 1 
     
    OFAAnalysis(i,:) = BucketAvg(OFADivTert, [OFABuckets(i) OFABuckets(i+1)], 
2); 










    figure(5); 
    subplot(3,1,1); 
    title('Tertiary Analysis'); 
    hold on; 
    plot(TertAirAnalysis.BUCKET,TertAirAnalysis.AVG_NH3); 
    plot(TertAirAnalysis.BUCKET,TertAirAnalysis.AVG_SLIP); 
    legend('NH3','Slip', 'Location', 'Best'); 
    xlim([TertAirBuckets(1) TertAirBuckets(end)]); 
    grid on 
    hold off; 
    subplot(3,1,2); 
    hold on; 
    plot(TertAirAnalysis.BUCKET,TertAirAnalysis.AVG_CO); 
    plot(TertAirAnalysis.BUCKET,TertAirAnalysis.AVG_NOX); 
    legend('CO', 'NOX', 'Location', 'Best'); 
    xlim([TertAirBuckets(1) TertAirBuckets(end)]); 
    grid on 
    hold off; 
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    subplot(3,1,3); 
    bar(TertAirAnalysis.BUCKET,TertAirAnalysis.SAMPLE); 
    legend('Samples', 'Location', 'Best'); 
    xlim([TertAirBuckets(1) TertAirBuckets(end)]); 
     
     
    figure(6); 
    subplot(3,1,1); 
    title('Temperature Analysis'); 
    hold on; 
    plot(TempAnalysis.BUCKET,TempAnalysis.AVG_NH3); 
    plot(TempAnalysis.BUCKET,TempAnalysis.AVG_SLIP); 
    legend('NH3','Slip', 'Location', 'Best'); 
    xlim([TempBuckets(1) TempBuckets(end)]); 
    grid on 
    hold off; 
    subplot(3,1,2); 
    hold on; 
    plot(TempAnalysis.BUCKET,TempAnalysis.AVG_CO); 
    plot(TempAnalysis.BUCKET,TempAnalysis.AVG_NOX); 
    legend('CO', 'NOX', 'Location', 'Best'); 
    xlim([TempBuckets(1) TempBuckets(end)]); 
    grid on 
    hold off; 
    subplot(3,1,3); 
    bar(TempAnalysis.BUCKET,TempAnalysis.SAMPLE); 
    legend('Samples', 'Location', 'Best'); 
    xlim([TempBuckets(1) TempBuckets(end)]); 
     
     
    figure(7); 
    subplot(3,1,1); 
    title('LN Percentage Analysis'); 
    hold on; 
    plot(OFAAnalysis.BUCKET,OFAAnalysis.AVG_NH3); 
    plot(OFAAnalysis.BUCKET,OFAAnalysis.AVG_SLIP); 
    legend('NH3','Slip', 'Location', 'Best'); 
    xlim([OFABuckets(1) OFABuckets(end)]); 
    grid on 
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    hold off; 
    subplot(3,1,2); 
    hold on; 
    plot(OFAAnalysis.BUCKET,OFAAnalysis.AVG_CO); 
    plot(OFAAnalysis.BUCKET,OFAAnalysis.AVG_NOX); 
    legend('CO', 'NOX', 'Location', 'Best'); 
    xlim([OFABuckets(1) OFABuckets(end)]); 
    grid on 
    hold off; 
    subplot(3,1,3); 
    bar(OFAAnalysis.BUCKET,OFAAnalysis.SAMPLE); 
    legend('Samples', 'Location', 'Best'); 
    xlim([OFABuckets(1) OFABuckets(end)]); 
  
     
%% Cost Benefit Analysis 
  
% Find out how Temp and OFA affects 
  
% Determine Avg Running Location 
Temp_NormRun = TempAnalysis(TempAnalysis.SAMPLE == 
max(TempAnalysis.SAMPLE),TempAnalysis.Properties.VariableNames); 




Temp_NH3_CB = smooth(TempAnalysis.AVG_NH3 - Temp_NormRun.AVG_NH3); % 
Normalizes based on Avg Running Conditions 
Temp_CB_eq = fit(TempAnalysis.BUCKET,Temp_NH3_CB,'cubicinterp'); 
  
  
OFA_NH3_CB = smooth(OFAAnalysis.AVG_NH3 - OFA_NormRun.AVG_NH3);  % Normalizes 
based on Avg Running Conditions 
OFA_CB_eq = fit(OFAAnalysis.BUCKET,OFA_NH3_CB, 'cubicinterp'); 
  
figure(8); 
title('Cost Benefit - Adjustment of Temperature'); 
hold on; 
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plot(Temp_CB_eq, TempAnalysis.BUCKET,TempAnalysis.AVG_NH3 - 
Temp_NormRun.AVG_NH3); 
line([Temp_NormRun.BUCKET Temp_NormRun.BUCKET], [-20 20]) 
legend('Original Data','Fit Equation','Normal Run Cond'); 
xlim([TempBuckets(1) TempBuckets(end)]); 
ylim([-20 20]); 
xlabel('Temperature - ºC'); 




title('Cost Benefit - Adjustments of LN'); 
hold on; 
plot(OFA_CB_eq, OFAAnalysis.BUCKET,OFAAnalysis.AVG_NH3 - 
OFA_NormRun.AVG_NH3); 
line([OFA_NormRun.BUCKET OFA_NormRun.BUCKET], [-20 20]) 
legend('Original Data','Fit Equation','Normal Run Cond'); 
xlim([OFABuckets(1) 0.6]); 
ylim([-20 20]); 
xlabel('LN - %'); 
ylabel('NH3 Flow - m3/h'); 
grid on 
  
% Find min for cost calc 
Temp_Const = 1100; % Advised by Site Hard Temp Limit 
OFA_Const = OFAAnalysis(OFAAnalysis.AVG_CO < 40 
,OFAAnalysis.Properties.VariableNames); 




TempCB_Range = Temp_NormRun.BUCKET:1:Temp_Const; 
OFACB_Range = OFA_NormRun.BUCKET:.01:max(OFA_Const.BUCKET); 
  
% Find Min NH3 within constraints 
TempCB_min_NH3 = min(Temp_CB_eq(TempCB_Range)); 
OFACB_min_NH3 = min(OFA_CB_eq(OFACB_Range)); 
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% Saving Values 
TempCB_min = TempCB_Range(find(Temp_CB_eq(TempCB_Range) == TempCB_min_NH3)); 


















TempSavings = abs((TempCB_min_NH3 * NH3CostPerL) * 24 * 365); 
OFASavings = abs((OFACB_min_NH3 * NH3CostPerL) * 24 * 365); 
  
fprintf('Cost Savings\n'); 
fprintf('Adjusted Temperature: %.2f Flow Reduction: %.2f Yearly Savings: 
%.2f\n',TempCB_min,TempCB_min_NH3, TempSavings); 
fprintf('Adjusted OFA Percentage: %.2f Flow Reduction: %.2f Yearly Savings: 
%.2f\n',OFACB_min, OFACB_min_NH3, OFASavings); 
fprintf('Total: %.2f\n',(OFASavings + TempSavings)); 
  




title('Tertiary and NOx Cross Correlation'); 
figure(11) 
crosscorr(Bump1_Data.NH3_FLOW,Bump1_Data.NOX_PV,70) 
title('NH3 Flow and NOx Cross Correlation'); 






title('Tertiary Air and CO Cross Correlation'); 
figure(13) 
crosscorr(Bump1_Data.FF_PDI,Bump1_Data.NOX_PV,70) 
title('FF Dif Pressure and NOx Cross Correlation'); 
figure(14) 
crosscorr(Bump1_Data.FF_DRAG_FLOW,Bump1_Data.NOX_PV,70) 
title('FF Drag Flow and NOx Cross Correlation'); 
figure(15) 
crosscorr(Bump1_Data.IR_TEMP,Bump1_Data.NOX_PV,70) 
title('IR Temperature and NOx Cross Correlation'); 
figure(16) 
crosscorr(Bump1_Data.OUTLET_TEMP,Bump1_Data.NOX_PV,70) 
title('Outlet Temperature and NOx Cross Correlation'); 
  
%%  
% Daily and Total Calculations 
% NH3 
ReturnVal = DailyTotals(table(Data.TIME,Data.NH3_PV),'Hour'); 
NH3.Date = ReturnVal.Date; 
NH3.Total = ReturnVal.Value; 
  
ReturnVal = DailyAverage(table(Data.TIME,Data.NH3_PV)); 
NH3.Average = ReturnVal.Value; 
  
  
NH3.Flow = Data.NH3_PV; 
NH3.Cost = NH3.Total * NH3CostPerL; 
fprintf('\nNH3 Total for Boiler 1 between %s and %s was %.2f 
L\n',NH3.Date(1),NH3.Date(end),sum(NH3.Total)); 




ReturnVal = DailyAverage(table(Data.TIME,Data.NOX_PV)); 
NOX.Date = ReturnVal.Date; 
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NOX.Average = ReturnVal.Value; 
  
ReturnVal = DailyTotals(table(Data.TIME,Data.NOX_PV),'Minute'); 
NOX.Total = ReturnVal.Value; 
  
NOX.Flow = Data.NOX_PV; 
  
% Tertiary Air Flow 
ReturnVal = DailyAverage(table(Data.TIME,Data.TERT_FLOW)); 
TertAir.Date = ReturnVal.Date; 
TertAir.Average = ReturnVal.Value; 
TertAir.Flow = Data.TERT_FLOW; 
  
% % Furnance Temperature 
ReturnVal = DailyAverage(table(Data.TIME,Data.TEMP_PV)); 
FurnTemp.Date = ReturnVal.Date; 
FurnTemp.Average = ReturnVal.Value; 















%% Performance Calc 




e = Data.NOX_SP-Data.NOX_PV; 
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t = 1:size(e); 
  






% time_data = table2timetable(Data); 





function metData = ReadDataCSV(File) 
    % Loads data from a file 
    metData = readtable(File); 
end 
  
function Output = DailyTotals(Data, TimeUnit) 
    % Calculates the Total Daily Accumalator from a running flow signal 
    % Data Structure: Time, FLOW. 
     
    %Adjusts Table Names to match function requirements 
    Data.Properties.VariableNames = {'Time' 'Flow'}; 
     
    % Finds Starts and End Day 
    StartDay = day(Data.Time(1)); 
    EndDay = day(Data.Time(end)); 
    StartMonth = month(Data.Time(1)); 
    EndMonth = month(Data.Time(end)); 
    StartYear = year(Data.Time(1)); 
    EndYear = year(Data.Time(end)); 
     
     
    SampleSpan = (Data.Time(2).Hour - Data.Time(1).Hour) * 3600 + 
(Data.Time(2).Minute - Data.Time(1).Minute) * 60 + (Data.Time(2).Second - 
Data.Time(1).Second); 
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    UnitPerSec = strcmp(TimeUnit,'Hour') * 3600 + strcmp(TimeUnit,'Minute') * 
60 + strcmp(TimeUnit,'Second'); 
     
    % Normalizes the flow per Sample 
    Data.Flow = Data.Flow / (UnitPerSec/SampleSpan); 
    i=0; 
     
    % Checks if End Month is next year 
    if EndMonth < StartMonth  
            EndMonth = 12; 
    end 
     
    for y = StartYear:EndYear 
         
        for m = StartMonth:EndMonth    
             
            for d = StartDay:eomday(y,m) 
                i = i + 1; 
                SubTable = Data(day(Data.Time) == day(d), :); 
             
                Dates(i,1) = datetime(y,m,d); 
                Totals(i,1) = sum(SubTable.Flow); 
            end 
            StartDay = 1; % Sets Start Day back to First Day of Month 
        end 
        StartMonth = 1; 
        EndMonth = month(Data.Time(end)); 
    end 
     
    Output = table(Dates,Totals,'VariableNames',{'Date' 'Value'}); 
end 
  
function Output = DailyAverage(Data) 
    % Calculates the Average per day of a variable 
     
    %Adjusts Table Names to match function requirements 
    Data.Properties.VariableNames = {'Time' 'Flow'}; 
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    % Finds Starts and End Day 
    StartDay = day(Data.Time(1)); 
    EndDay = day(Data.Time(end)); 
    StartMonth = month(Data.Time(1)); 
    EndMonth = month(Data.Time(end)); 
    StartYear = year(Data.Time(1)); 
    EndYear = year(Data.Time(end)); 
     
    i=0; 
     
    % Checks if End Month is next year 
    if EndMonth < StartMonth  
            EndMonth = 12; 
    end 
     
     
    for y = StartYear:EndYear 
         
        for m = StartMonth:EndMonth    
             
            for d = StartDay:eomday(y,m) 
                i = i + 1; 
                SubTable = Data(day(Data.Time) == day(d), :); 
        
                Dates(i,1) = datetime(y,m,d); 
                Averages(i,1) = mean(SubTable.Flow); 
            
            end 
            StartDay = 1; % Sets Start Day back to First Day of Month 
        end 
         
        StartMonth = 1; 
        EndMonth = month(Data.Time(end)); 
    end 
     
    Output = table(Dates,Averages,'VariableNames',{'Date' 'Value'}); 
    % Cleanups any NaN and replaces with 0 
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title(strcat('Bump',{' '}, num2str(Fig))); 
datetick('x'); 
























legend('FF DP','Location', 'Best'); 
hold off; 
end 




function Output = BucketAvg(Data, Bucket, Mode) 
% Used to take the average values that are between two running conditions 
% (Buckets).  
% Input Data is the values to be averaged 
% Input Bucket is the bucket to be checked against 
% Mode is which running condition is being checked against.  
  
    % Creates the a logical index used to created a new subtable 
    if Mode == 1 
        FilterIndex = logical((Data.TERT_FLOW > Bucket(1)) .*  
(Data.TERT_FLOW <= Bucket(2))); 
    end 
    if Mode == 0 
        FilterIndex = logical((Data.TEMP_PV > Bucket(1)) .*  (Data.TEMP_PV <= 
Bucket(2))); 
    end 
    if Mode == 2 
        FilterIndex = logical((Data.OFA_FLOW > Bucket(1)) .*  (Data.OFA_FLOW 
<= Bucket(2))); 
    end 
     
     
    SubTable = Data(FilterIndex, Data.Properties.VariableNames); 
     
    % Stores Calculates in output 
    Output(1) = Bucket(2); 
    Output(2) = height(SubTable); 
    Output(3) = mean(SubTable.NH3_PV); 
    Output(4) = mean(SubTable.CO_PV); 
    Output(5) = mean(SubTable.TEMP_PV); 
    Output(6) = mean(SubTable.NH3_SLIP); 
    Output(7) = mean(SubTable.NOX_PV); 
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G.2 Detailed Control Narrative 
The detailed control narrative descriptions are used in conjunction with Figure 12.1 – Current SNCR 
Process and Instrument Diagram and Figure 12.2 – Current Low NOxTM Process and Instrument Diagram. 
 
NOx Controller (AIC-1019) 
The NOx controller that provides a flow Cascade setpoint to the Ammonia flow controller (FIC-1137). The 
process value is provided through RS-232 from plants CEMS system, which is a MIR-9000 and has a range 
from 0 - 500 mg/m3. The setpoint is maintained at 131 mg/m3 but is operator adjustable. The output of the 
PID is 0 - 114 L/hour. During calibration sequences, the output of the PID is set to Manual and maintains 
39 %. 
 
Ammonia Flow Controller (FIC-1137) 
The Ammonia flow controller is a slave controller to AIC-1019. The PID controller receives its setpoint 
from its master controller and controls to that setpoint in Cascade mode. Automatic mode is available to 
allow for an operator adjustable setpoint. The process value is from FIT-1137 that has a range of 0 - 114 
L/hour. The output controls FCV-1-137, which is a Fisher modulating control valve. The PID tracks the 
output to 0 % when the FD fan has stopped or when the steam flow is < 20 000 kg/hour. 
 
Carrier Water Pressure Controller (PIC-1134) 
The Carrier water pressure controller maintains a constant pressure for consistent penetration and dispersion 
into the furnace. The process value comes from a Rosemount 3051 Pressure transmitter with a range of 0 - 
172 kPa. The PID has only local control in Automatic mode with an operator adjustable setpoint, usually 
left at 111 kPa. The control output goes to PCV-1-134, which is a Fisher modulating control valve. The 
PID tracks the output to 0 % when the FD fan has stopped or when the steam flow is < 20 000 kg/hour. 
 
Ammonia Tank E-494 Pressure (PI-0107) 
Tank E-494 pressure indication only with a range of 0 - 100 kPag.  
 
Ammonia Tank E-494 Level (LI-0110) 
Tank E-494 level indication only with a range of 0 - 3728 mm. 
 
Ammonia Tank E-470 Pressure (PI-0207) 
Tank E-470 pressure indication only with a range of 0 - 100 kPag. 
 
Ammonia Tank E-470 Level (LI-0210) 
Tank E-740 level indication only with a range of 0 - 3728 mm. 




Boiler 1 Total Ammonia Flow (FI-1137) 
Total Ammonia flow indication and totalizer with a range of 0 - 342 L/hour. 
 
Ammonia Transfer Pumps (E-0-472/473) 
Duty-Standby Ammonia pumps that transfer Ammonia from the storage takes to the boilers. 
 
Carrier Water Pumps (E-0-482/483) 
Duty-Standby Carrier water pumps provide constant pressurized water for the Ammonia solution injection 
into the furnace.  
 
Cooling Air Fans (E-0-484/485) 
Duty-Standby Cooling Air fan which protects the Injection Lance. 
 
Ammonia Water Purge Valve (XV-1-146) 
Ammonia cleaning system used for maintenance purposes only to clean out the Ammonia lines with 
domestic water. 
 
Steam Flow Controller (FIC-1011) 
The steam flow controller is a cascade master controller for the UFA system through FIC-1356. The process 
value is provided through FIT-1011, which is a Rosemount 3051SMV compensated steam flow meter with 
a range of 0 – 50 000 kg/hour. The PID is controlled in Automatic mode and has a setpoint of 40 000 
kg/hour. The output of this controller goes to FIC-1356 and is scaled from 0 - 100% to 10 000 – 50 000 
Nm3/hour.  
 
Under-fire Air Flow Controller (FIC-1356) 
The UFA flow controller is used as a selector to allow the operator to manually control all the UFA Flow 
controllers or allow the Cascade setpoint from FIC-1011 to control each UFA zone. The output of the 
selector is divided by five to maintain the total airflow across each zone.  
 
Individual Zone Under-fire Air Flow Controllers (FIC-1357, FIC-1358, FIC-1359, FIC-1360, FIC-1361) 
Individual UFA zone flow controllers utilize a simple gap controller that pulse its associated damper to 
open/close based on a 10 min rolling average of the calculated flow. The calculated flow is a soft signal 
derived from the difference of the supply pressure (PIC-1015A), individual zone pressure, temperature, and 
specific flow co-efficient. The output is a digital signal that controls its associated dampers potion (ZV-
1357, ZV-1358, ZV-1359, ZV-1360, ZV-1361).  
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Force Draft Fan Pressure Controller (PIC-1015A) 
Force Draft Fan outlet pressure control modulates the speed of M-1-050 to maintain a constant outlet duct 
pressure. The range of the pressure transmitter is -1 - 6 kPa and is controlled locally in Automatic mode by 
the operator. The output tracks to 100 % open if PIC-1015 is in Automatic mode.  
 
Under-fire Air Temperature Indication (TI-1021) 
Indication only for the operator with a range of -100 – 500 ºC. Used in the soft signal for the UFA flow 
calculation. 
 
Force Draft Fan Inlet Pressure Controller (PIC-1015) 
Inlet pressure control of the FD fan (M-1-050) that modulates the inlet damper (ZV-1015). The pressure 
range is -1 – 6 kPa. The Output tracks to 100 % open if PIC-1015A is in Automatic mode. 
 
Manual Over-fire Air Damper Controller (PY-1015B) 
Manual loader that allows the operator to bias the duct flows by adjusting the OFA damper (XV-1015B).  
 
Total Over-fire Air Flow Indicator (FI-1375) 
Total OFA flow for indication only is used to determine the secondary air flow as a difference calculation. 
The range of the transmitter is 0 - 28 890 m3/hour. 
 
Tertiary Air Flow Controller (FIC-1376) 
Tertiary Air flow controller controls XV-1376 to maintain a flow setpoint. The controller can be controlled 
in Automatic mode using an operator setpoint or run in Cascade mode which the Cascade setpoint is 
received from XY-1315. The range of the controller is 0 – 10 000 m3/hour. 
 
Secondary Air Flow Master Controller (FIC-1036) 
Master secondary air flow controller provides a Cascade pressure setpoint to PIC-1036 and PIC-1037. The 
process value is a soft signal and is the difference between the total OFA (FI-1375) and the tertiary air flow 
(FIC-1376). The output is split with a 0.3 kPa bias added to PIC-1036 and subtracted from PIC-1037. This 
bias provides a protected air buffer to protect the walls of the furnace.  
 
Front Secondary Air Pressure Controller (PIC-1036) 
Front secondary pressure controller that receives a Cascade setpoint from FIC-1036. The pressure 
transmitter has a range of 0 – 6 kPa and can only be controlled in Manual or Cascade modes.  
 
Optimization of a SNCR/LN NOx Reduction System using Model Predictive Control 
 
 110 
Rear Secondary Air Pressure Controller (PIC-1037) 
Rear secondary pressure controller that receives a Cascade setpoint from FIC-1036. The pressure 
transmitter has a range of 0 – 6 kPa and can only be controlled in Manual or Cascade modes.  
 
Over-fire Air Master Controller (XY-1315) 
The OFA master controller that allows the operator to balance the flow between the secondary and tertiary 
air. Operators enter a manual setpoint in percent from 20-90 %-LN that redirects flow from the secondary 
to the tertiary air. The total OFA can be controlled locally by the operator or is derived by a scalar off the 
current Steam flow: 23 100 – 38 600 kg/hour to 10 900 – 18 900 m3/hour. 
 
Tertiary Air Pressure Indication (PI-1377) 
Indication only for the tertiary air system with a range of 0 - 6 kPa. 
 
Average Furnace Temperature (TI-1025) 
Average furnace temperature using two elements (TT-10251 and TT-10252) for redundancy and to average 
out any temperature variations. A high temperature of 1100 ºC for 30 minutes will interlock the feeders to 
limit furnace temperature. The transmitter range is 0 - 1400 ºC. 
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Appendix H: Cost-Benefit Analysis 
The Cost-Benefit analysis is separated into two sections. One in which provides estimated savings if this 
new design was implemented and the other, an estimate if furnace temperature control was developed in 
the future.  
 
H.1 Optimization of the LN and SNCR 
The optimization of the LN and SNCR systems provides an estimated savings of $ 48,000.00 per year. An 
initial one-time cost to implement the controller, including the cost of MPC two-output controller and 
services is $ 13,580.00. Figure 12.3 – Cost Benefits Optimization of the Low NOxTM System shows the 
estimated reduction in average Ammonia usage as the LN is adjusted based on the Fourier Analysis. The 
optimal LN percentage was found to be at 47.65 %, which was selected to maintain an average CO under 
50 mg/m3. Table 12.4 – Low NOxTM Optimization Cost-Benefit Breakdown provides a detailed breakdown 
of the estimated savings and specifics a one-year payback on investment. 
 
 
Figure 12.3 – Cost Benefits Optimization of the Low NOxTM System 
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Table 12.4 – Low NOxTM Optimization Cost-Benefit Breakdown 
Current Costs 
Total Yearly Ammonia 362 298 L 
Cost per L $ 0.33116 per L 1 
Total $ 119,978.00 
Estimated Optimization Savings 
Optimized Ammonia Difference -16.72 L 
Estimated Yearly Ammonia 220 000 L 
Total $ 70,000.00 
Savings $ 48,000.00 
Implementation Cost 
MPC Controller $ 12,235.00 
4 days Service at $168.00 per hour $ 1,344.00 
Cost $ 13,580.00 
 
 
H.2 Furnace Temperature Control 
The estimated savings on maintaining a higher furnace temperature is $ 30,000.00/year with a reduction of 
the average Ammonia of -10.45 L; as shown in Table 12.5 – Furnace Temperature Cost-Benefit Breakdown. 
The optimal temperature was chosen to meet the requirements from operations to maintain a furnace 
temperature at or below 1100 ºC. The furnace temperatures have reduced since the removal of refractory in 
the lower portion of the furnace as per operations. Prior the removal of the refractory, the temperatures 
averaged 1050 ºC, which would have improved in the efficiency of the SNCR system during that time as 
seen in Figure 12.4 – Cost Benefits Adjustment of the Furnace Temperature.  
                                                   
1 Price as of July 10, 2019: https://www.intratec.us/chemical-markets/ammonia-price 




Figure 12.4 – Cost Benefits Adjustment of the Furnace Temperature 
 
Table 12.5 – Furnace Temperature Cost-Benefit Breakdown 
Current Costs 
Total Yearly Ammonia 362 298 L 
Cost per L $ 0.33116 per L 2 
Total $ 119,978.00 
Estimated Optimization Savings 
Optimized Ammonia Difference -10.45 L 
Estimated Yearly Ammonia 271,000 L 
Total $ 90,000.00 
Savings $ 30,000.00 
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